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Abstract—A predictable and reliable power supply is cru-
cial for safe and efficient operation in the energy sector.
Hence, digital twins with real-time monitoring, simulation,
and optimization capabilities receive increasing attention.
In particular, early detection of faults and other operational
issues based on real-time processing of sensor data can
greatly reduce downtime and maintenance costs. In this
work, we compare the performance of conventional and state-
of-the-art unsupervised anomaly detection methods to detect
tube leaks in the steam generator that recovers heat from a
combined-cycle steam and gas turbine (CCGT). Since real
CCGT operational data with known faults is not available,
the comparison is performed using data from a high-fidelity
dynamic model based on a CCGT installed on an offshore
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oil and gas platform. Specifically, we evaluate local outlier factor (LOF), one-class support vector machine (OC-SVM),
principal component analysis (PCA), low-rank and sparse (LRS) decomposition, and a transformer autoencoder (TAE)
using receiver operating characteristic (ROC)-area under the ROC curve (AUC), geometric mean (G-Mean), and true
positive rate (TPR) at fixed false positive rate (FPR). For small-leak detection using the full sensor set, ROC-AUCs are

PCA = 0.77, LOF = 0.87, OC-SVM = 0.95, LRS = 0.98, and TAE

= 0.99, while all methods approach near-perfect AUC under

large leaks. Under reduced data availability (e.g., no real-time makeup water flow data), LRS remains the only method
that sustains high detection performance. In general, LRS delivers consistently strong accuracy and robustness across
leak sizes and noise levels, offering a practical accuracy—complexity trade-off for deployment.

Index Terms— Anomaly detection, combined-cycle gas turbine (GT), dynamic model, leak detection, unsupervised

training.
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[. INTRODUCTION

HE combined gas and steam turbine (ST) power plants

have emerged as an efficient alternative in modern
power generation. In a typical combined-cycle steam and
gas turbine (CCGT) system, the high-temperature exhaust
gases from a gas turbine (GT) are utilized to produce steam
using a heat recovery steam generator (HRSG), which then
drives an ST to generate additional electricity [1], [2], [3].
In onshore applications, CCGT achieves high thermal effi-
ciencies exceeding 60%, making it a preferred choice for
modern power generation [4]. Consequently, these plants
are increasingly deployed onshore and considered promis-
ing for offshore oil and gas production platforms as a
means to reduce emissions by utilizing recovered excess
heat [4], [5]. Through installation of a steam cycle down-
stream to the GTs of an offshore platform, the power demand
of the platform can be met by burning less natural gas,
thereby reducing CO, emissions by up to 25%. However,
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the complexity of CCGTs makes them susceptible to various
operational issues that demand constant monitoring [3]. In pre-
vious units installed offshore, there has been evidence of
cracking of tubes in the HRSG due to vibrational damage
and fretting. Also, the casing of the waste heat recovery unit
has been subject to failures [6]. Consequently, fault detection
is essential for maintaining the reliability and operational
efficiency of CCGT plants. Early and accurate fault detec-
tion is critical for preventing unplanned downtimes, reducing
maintenance costs, and ensuring plant safety. Effective fault
detection enables timely interventions, ultimately enhancing
the operational life and efficiency of CCGTs, thus maintaining
their contribution to the power generation industry onshore and
emissions reductions in offshore applications [7]. Detecting
faults such as leaks in the steam cycle of a CCGT is critical
for both safety and reduction in operational cost. Tube leaks in
the HRSG can allow high-pressure water or steam to escape,
reducing power output and potentially introducing water into
downstream machinery. Left unchecked, an incipient leak
often grows to catastrophic failure, forcing an unplanned shut-
down. Furthermore, chemical water leaks could pose safety
and environmental risks.

A number of studies have been carried out to explore
methods for handling faults in power generation systems.
For example, Ajami and Daneshvar [8] explore the fault
detection and identification in the turbine system of a thermal
power plant. They find that independent component analysis
is much better suited for fault identification than principal
component analysis (PCA). More recently, Sarwar et al. [9]
proposed a multisensor data fusion framework for fault detec-
tion and diagnosis in an industrial GT engine. Also focusing
on GTs, Sampath et al. [7] propose a hybrid approach that
combines real-world sensor data and information from sim-
ulation models. Fast and Palmé [10] applied the artificial
neural networks to monitor the condition and diagnose faults
in a combined heat and power plant. In the context of CCGT
plants, Arranz et al. [11] presented a commercially deployed
multiagent anomaly detection system. Each agent is a neural
network that is trained to predict key performance parameters
during normal operation, such that faults can be recognized by
deviations between actual measurements and the predictions
of one or more agents. A fault diagnosis system for CCGTs
based on feedforward neural networks was proposed by
Camporeale et al. [12]. Finally, Davallo et al. [13] proposed
an extreme learning machine framework for the detection and
identification of leaks in an onshore CCGT.

As evidenced by the literature cited above, both super-
vised and unsupervised fault detection methods have been
explored for CCGTs and related systems. Supervised methods
require extensive labels for diverse failure modes, which is
both time-consuming and resource-intensive, if at all feasi-
ble [14], [15], [16]. Consequently, unsupervised fault detection
methods, which do not depend on labeled data, provide con-
siderable advantages for proactive diagnostics [17]. However,
unsupervised detection methods are agnostic to the nature and
number of possible faults that may arise, and can be continu-
ously aligned with any gradual changes in the normal system
behavior [18]. For these reasons, we consider unsupervised
methods to be well-suited for fault detection in CCGTs.

In this study, we present a quantitative and qualitative
comparison of unsupervised anomaly detection methods for
leak detection in CCGTs. The study’s main objective is to elu-
cidate the methods’ strengths and weaknesses, such that power
system operators can identify and apply suitable detection
methods on their installations. Secondarily, by demonstrating
the feasibility of early leak detection and equipping operators
with suitable detection methods, we seek to increase the reli-
ability and prevalence of CCGTs, thereby reducing emissions
from GT-powered installations. To the best of our knowledge,
it is the first offshore CCGT leak detection study based on a
validated high-fidelity dynamic model.

Our contributions can be summarized as follows.

1) We utilized a dynamic model of an existing offshore
CCGT system on the Norwegian continental shelf to
generate extensive, realistic datasets under transient
operating conditions, simulating both normal operational
dynamics and leak-induced anomalies.

2) We demonstrate an unsupervised multisensor leak detec-
tion framework that uses only fault-free data for (near)
real-time detection.

3) We evaluate conventional and state-of-the-art detection
methods using realistic operational scenarios, system-
atically analyzing their detection capabilities across
different fault severity levels and data quality conditions.

The remainder of this article is structured as follows.

Section II presents the offshore reference power plant and the
employed dynamic simulation model. Section III introduces
the proposed unsupervised fault detection methodologies.
The simulation setup for the dynamic model, the generated
datasets, evaluation frameworks, and implementation details
are described in Section IV. Results, comprehensive perfor-
mance analysis, and discussions are presented in Section V.
Finally, Section VI summarizes the conclusions and outlines
potential future research directions.

[I. REFERENCE SYSTEM AND DYNAMIC SIMULATION

MODELS OF STEAM BOTTOMING CYCLE OFFSHORE

The data used in this work were generated using a pre-
viously developed high-fidelity dynamic process model that
simulates the dynamics of the steam bottoming cycle in an
offshore CCGT. The model was presented in the work by
Montaiiés et al. [19]. Here, the model is used to simulate nor-
mal operation and operation with leaks in tube bundles within
the cycle’s once-through steam generator (OTSG) unit. In this
section, we present the reference system and components in
the combined cycle. The dynamic models are briefly described,
and the reader is referred to the cited literature for further
description on the model development and its validation [1],
[51, [19], [20], [21], and particularly to [19] for the specific
model and control system utilized and implemented in this
work. In addition, we present an introduction to the relevance
of tube failures and leaks and how they are implemented in
the dynamic model.

A. Reference CCGT Thermal Power Plant System

The combined cycle on the Oseberg Field Center, located
in the North Sea, consists of two GE LM2500+ GTs that each
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Fig. 1.

Schematic of the steam cycle as implemented in the dynamic model, featuring (i) GTs, (ii) OTSGs, (iii) ST, (iv) water condenser, (v) water

treatment system, and (vi) deareator. The variables utilized in the dynamic simulation (see Tables | and Il) are highlighted in the corresponding

component.

drive an export gas compressor. Downstream of each GT is a
once-through HRSG. The GTs and OTSGs are located on the
Oseberg D platform, whereas the ST, which is connected to an
electric generator, is located on the Oseberg A platform [1].
Since the OTSGs and the ST are located on different platforms,
there is a long steam supply pipe of about 400 m connecting
them. The two OTSGs are designed for a live steam pressure
of 16.5bar(a) with a live steam temperature of 430°C and a
total steam mass flow rate of about 17.5kg/s. A schematic
of the proposed CCGT model is shown in Fig. 1. The steam
bottoming cycle produces around 16 MW at nominal condi-
tions [1].

B. CCGT Components

Here, we describe the main features of the system com-
ponents, as well as the main assumptions of the dynamic
model used in this work. The reader is referred to [19] for
details on the model itself. The dynamic model employs a
modular structure that incorporates all main components of
the steam bottoming cycle, including the GTs, the ST, the
condenser, and the OTSGs. The system dynamic simulation
models represent both quasi-static performance and transient
responses under varying load conditions, with a modeling
approach similar to that demonstrated in recent studies [1],
[5]. Particularly, the dynamic model presented in [6] was built
on the Dymola simulation environment (2020x) [22] using the
Modelica language [23].

1) Gas Turbine: The GT model serves as the primary energy
unit and simultaneously provides the exhaust heat that drives
the steam generation process. GTs are typically modeled as
quasi-static systems due to the relatively fast dynamics of
GT operation compared to the steam cycle. That is, the
transients of the GTs are modeled as a succession of off-design
steady states, each state being in instantaneous equilibrium [1].
Using lookup tables and steady-state performance data from
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Fig. 2. Schematic of the OTSG dynamic submodel.

technology suppliers, the GT models produce outputs, such as
exhaust gas temperature, mass flow rate, and power output.
The computed exhaust parameters are fed as boundary condi-
tions to the OTSG model, as the main source of variations
that directly influence the dynamic behavior of the steam
cycle [1].

2) Once-Through Steam Generator: The OTSG is one of
the most critical components in the steam bottoming cycle,
and it is used for converting high-temperature exhaust gases
from the GTs into superheated steam. The key elements
in an OTSG are the tube bundles, where the geometry is
defined by key parameters, such as the number of tube rows,
tube diameters, fin dimensions, and the number of passes,
as detailed in [5]. The model predicts the OTSG’s transient
behavior by discretizing the heat exchanger into finite volume
elements. This discretization approach captures the main mass,
momentum, and energy balances and is crucial for predicting
the time delays observed in outlet temperature responses
following variations in GT operating conditions and load [5].
A schematic of the reference OTSG with three cores (three
tube bundles) is shown in Fig. 2, adapted from [19].
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3) Steam Turbine: The ST coupled to a generator is a
key component of the bottoming cycle, where superheated
steam from the OTSG expands to drive power generation.
The model simulates the turbine’s performance under varying
steam process conditions [1], [19].

4) Condenser and Feedwater Systems: After expansion of
superheated steam in the ST, the steam is condensed and
recirculated in the feedwater system. The condenser is simu-
lated as a tube-in-shell heat exchanger, employing established
correlations for film condensation over tubes to accurately pre-
dict the condensation process and associated pressure drops,
as reported in [5]. The feedwater system comprises deaerators
and pumps, and it is modeled to ensure proper recirculation
and preheating of water prior to its entry into the OTSG.
Together, these subsystems complete the energy conversion
process. Makeup water is added to the cycle via the condensate
line upstream of the water treatment system and the deaerator.

5) Cooling System and Boundary Conditions: In offshore
installations, seawater is commonly used as a coolant due
to its availability and favorable thermophysical properties.
The dynamic model incorporates cooling system models that
simulate the condenser heat rejection process. The model
incorporates boundary conditions, such as cooling seawater
temperature, flow pressure, and flow rate. The boundary con-
ditions establish the operational limits and ensure a realistic
simulation of external factors impacting the efficiency of the
steam cycle.

6) Control Structure: The system dynamic model inte-
grates the different components in the combined cycle and
includes a regulatory and supervisory control layer to main-
tain plant operation under varying load conditions. Such
control strategies are critical for maintaining the desired
operational setpoints and ensuring that transient disturbances
are minimized. Regulatory and supervisory control layers
are implemented using PI/PID controllers. These controllers
control key process variables, including feedwater flow rate,
turbine inlet pressure, and steam temperature. For example,
feedforward control strategies based on an input transfor-
mation [20] are deployed to anticipate GT disturbances and
adjust feedwater flow rate proactively to control the steam
temperature. The actual control structures applied in this work,
including the main manipulated variables and controlled vari-
ables, as well as the controller tuning method, are presented
in [19]. The controllers are also illustrated in Figs. 1 and 2.

C. Leak Faults in OTSGs and Simulation Approach

Tube failure is one of the most frequent failures of
HRSG and OTSG systems in combined cycles. For example,
Tina et al. [24] reported a leaking tube that was discovered
within the OTSG unit of a 110-MW cogeneration plant. The
causes of tube leaks are plant-specific but typically related
to water and steam quality, high variability in temperature
and pressure conditions (thermo-mechanical fatigue), over-
heating (creep or creep-fatigue), and/or corrosion. Tube leaks
result in unplanned shutdowns and corresponding operational
loss; expensive maintenance and repair actions are normally
required [25]. If leaks go undetected for long periods of time,
their negative impact may increase [25]. Several works in

TABLE |
DYNAMIC MODEL INPUT PARAMETERS

Variable Description Nominal value
UGT,1 Load input for GT 1 80.76 %
UGT,2 Load input for GT 2 80.76 %

T Outlet temperature set-point of OTSG 1 711.45K

T Outlet temperature set-point of OTSG 2 711.45K

ps? Steam pressure set-point 1.65 x 10° Pa
leak valve  Leak simulation input 0.0

the literature have reported tube leaks in HRSGs [24], [26],
[27]. Normally, the failed segment of the tube is removed
from the steam generator, and metallurgical examinations of
the segment (or group of tube segments) are performed to
identify the failure mode and cause, which differ from case to
case [24].

In combined-cycle plants, water makeup assessments are
performed at base load to identify unexpected leaks. How-
ever, during real-world operation, which includes operation at
partial load and frequent load swings, opportunities to perform
such precise leak tests are scarce [25]. However, the control
strategies applied to the makeup water system often do not
facilitate real-time leak detection during normal operation.
Operators in the process control room may instead get indi-
cations of (severe) leaks by observing changes in pressure
drops in water or steam lines and exhaust gas temperature
instabilities. Visual inspections can be performed during shut-
down or maintenance periods to identify and correct suspected
leaks [27]. A real-time, online fault detection system could
support leak detection and repair in a more timely and cost-
efficient manner.

In this work, a leak simulation element is included in the
dynamic simulation model to simulate leaks in the OTSG
tube bundles, as shown in Fig. 2. The simulation is driven by
including a leak trajectory over time as a disturbance to the
model and is implemented by an orifice of variable size. The
size (orifice opening) can be increased over time, resulting in
an increasing mass flow rate of water/steam through the leak
over time.

The dynamic simulation model of the reference power plant
in this work integrates the models of GTs, an OTSG system,
and the steam cycle (including the condenser and feedwater
systems). The main input and output variables of the dynamic
model relevant for this work are summarized in Tables I and II.
The dynamic model is simulated by specifying time profiles
for the variables listed in Table I, and the results from the time
integration of the model for the variables listed in Table II
are recorded. Refer to Section IV-A for further details on the
actual simulations conducted in this work. With the exception
of mieak, the output variables have been selected since they can
be measured by sensors typically implemented and available
during normal operation of combined-cycle power plants. The
variable meqx represents the true value of the leak flow rate,
and is therefore not used as an input to the leak detection
algorithm.

[1l. UNSUPERVISED LEAK FAULT DETECTION

We present five unsupervised anomaly detection methods
that are applicable to leak detection in CCGT systems. The
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TABLE Il
DYNAMIC MODEL OUTPUT PARAMETERS. WITH THE EXCEPTION OF
THE LEAK FLOW RATE, THESE PARAMETERS CAN BE USED AS INPUT
TO LEAK DETECTION ALGORITHMS

Variable  Description

Par Shaft power production of GT 1 (MW)
Par2 Shaft power production of GT 2 (MW)
Pst Power production of ST (MW)

Ts1 Outlet temperature of OTSG 1 (K)

Ts,2 Outlet temperature of OTSG 2 (K)
Maw,1 Inlet water flow rate of OTSG 1 (kg/s)
My, 2 Inlet water flow rate of OTSG 2 (kg/s)
™Ms,1 Outlet steam flow rate of OTSG 1 (kg/s)
Ms,2 Outlet steam flow rate of OTSG 2 (kg/s)

Ps Steam pressure (Pa)

M geaer Deaerator hold-up (kg)

Mmake-up Make-up water flow rate (kg/s)

Mt in Turbine inlet steam flow rate (kg/s)
Zbypass Turbine bypass valve opening (-)
Mpypass  Lurbine bypass steam flow rate (kg/s)
Mieak Leak flow rate (kg/s)

dynamic simulation model of the CCGT plant generates syn-
thetic datasets that reflect normal operating conditions as well
as faulty conditions due to leaks. We consider unsupervised
methods that use only data from normal operation to learn the
behavioral characteristics of a CCGT without leaks. Leaks can
then be detected as deviations from normal system behavior.
This removes the requirement for labeled training data.

To detect leaks during operation, each method computes
an anomaly score (s,) at the generic nth time according to
different assumptions. Then, the anomaly score is normalized
using min—max normalization

5, = Sn — Smin (1)
Smax — Smin
where spyin and spax are the minimum and maximum scores
as computed from the training data and compared with a
predetermined threshold (t)

. 1, §,>7
= 2
In {0, otherwise. @

Here, y, = 1 (resp. y, = 0) denotes the system indicating the
presence (resp. absence) of a leak. Typically, the threshold (7)
is set based on statistical considerations. The five methods we
consider for computing anomaly scores are explained below.

A. PCA-Based Anomaly Detection

PCA is a widely used dimensionality reduction technique
that projects high-dimensional data into a lower dimensional
subspace while preserving maximal variance. PCA employs
the inherent linear correlations among measurements in the
CCGT system under normal operating conditions, and leaks
manifest as deviations from the normal operational subspace.

Let X € RX*N be the multivariate sensor data under
normal operation to be used for training, where K and N
are the number of sensors and the number of observations,
respectively. The mean vector x = 1/N fo:lx[n], where
x[n]l=X1n, ..., XK,n)T collects the measurements at time
n, is removed from the original data as X = X —x1%, where
1y is an N-dimensional vector of ones, and the covariance
matrix is computed as C = 1/(N — 1)5(5(T.

The  principal components are identified via
eigen-decomposition of the covariance matrix
Cu,-:)\iui, i=],...,K (3)

where \; and u; represent the eigenvalues and eigenvectors
of C, respectively. Eigenvectors corresponding to the largest
eigenvalues identify the most relevant directions; thus, the g
most relevant eigenvectors are used to build the projection
matrix Uy = [u1,...,u4] € RX*4 and the low-dimensional
representation of x[n] is obtained as xX[n] = U g(x [n] — Xx).

The reconstruction error is used as an anomaly score, s, =
|x[n] —i[n]|§, where X[n] = U,%[n]+ X is the reconstructed
vector, as it quantifies how much a test vector (x[n]) aligns
with the learned normal subspace.

B. OC-SVM-Based Anomaly Detection

A one-class support vector machine (OC-SVM) iden-
tifies data points deviating significantly from a learned
boundary around normal operating data. OC-SVM con-
structs a hyperplane in a high-dimensional feature space,
effectively encapsulating normal operating conditions and
isolating anomalies. OC-SVM maps input data (x[n]) into
a high-dimensional feature space using a nonlinear kernel
function ¢(-), and aims to find the smallest hypersphere
enclosing the data in feature space by solving

1 ﬁ‘.é st Hw%(x[n])ap—gn
n=1

1
min = [w]* + —
vN & >0

w0 2
4

where N is the number of samples available for training, w
is the normal vector identifying the hyperplane, p is an offset
defining the hyperplane, &,’s are the slack variables allowing
some points to lie outside the boundary, and v € (0, 1]
controls the trade-off between maximizing the margin and the
fraction of outliers. For inference on the generic test vector (x),
OC-SVM relies on the following decision function:

[ (x) = sign (w'¢ (x) — p)

N
= sign (Z ok (x [n], x) — p) (5)

n=1
where «,’s are the Lagrange multipliers. The anomaly score
is computed as the distance to the learned hyperplane

N
Sn=p— Dk (xml, x[n)). 6)

m=1

In OC-SVM, to mitigate overfitting, a kernel and v can
be selected through cross-validation using temporally disjoint
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subsets of the normal operating data. In addition, a regulariza-
tion can be applied implicitly through the choice of v, which
constrains the fraction of support vectors and prevents the
model from memorizing noise.

C. LOF-Based Anomaly Detection

Local outlier factor (LOF) is a density-based anomaly
detection technique that identifies anomalous data points by
assessing their local neighborhood density relative to their
neighbors.

For each data point x[n], we define the k-distance dj (x[n])
as the Euclidean distance to its kth nearest neighbor, and the
corresponding neighborhood includes all the points within this
k-distance

Ni (x [n])
={x[m]|llx[n] —x[mlly <di (x[n]), m #n}. (1)

Also, the reachability distance (r;(-)) from point x[#n] to point
x[m] is given as

ri (x [n], x [m]) = max {di (x [m]), [lx [n] — x [m]ll,} (8)

and the local reachability density (£x(-)) at point x[n] is
computed as the reciprocal of the average reachability distance
to its k neighbors, i.e.,

—1
xlmleNxlnp Tk (X [n], x [m])
t (e [n]) = (Z = Nkﬁzx[zk])(xk[nm ) v

The LOF of each point is considered as an anomaly score, and
it is computed by comparing its local reachability density to
the neighbors’ average, i.e.,

5, = Zmlenstn b O D)

[Nk (x [n])] - €k (x [n])
A large LOF indicates lower local density compared to their
neighbors, thus flagging a potential anomaly.

(10)

D. LRS-Based Anomaly Detection

Anomaly detection via low-rank and sparse (LRS) decom-
position exploits the observation that, under normal condi-
tions, the multivariate sensor data lie approximately in a
low-dimensional subspace due to strong correlations among
variables [28], [29]. LRS matrix decomposition separates the
normal behavior from anomalies without requiring any labeled
fault data. Let X € RX*N be the sensor data collected
during normal operation, where K and N are the number of
sensors and the number of observations, respectively. The core
assumption of LRS decomposition is

X=L+S (1m)

where L is a low-rank matrix representing the nominal (noise-
free) behavior of the system, and S is a sparse matrix capturing
faults, noise, and transients. The decomposition problem can
be formulated as a minimization of rank and sparsity and
solved via the augmented Lagrange multiplier method, i.e.,

L(L,S,Y,p)=ILIl,+AlISI; +(Y,X—-L-1S)

+ 21X - L-sI} (12)
where Y is the Lagrange multiplier matrix, p > O is a penalty
parameter, and || ||, || |l1, and || - || r denote the nuclear norm,
the £1-norm, and the Frobenius norm, respectively.

Anomaly detection relies on performing the SVD on the
low-rank matrix L = UXVT, where U € RK*K contains the
principal components. The generic test data vector (x[n])) is
projected onto the low-rank subspace x[n] = U Tx[n], and the
projection distance is considered as an anomaly score as it
quantifies the deviation of the data vector

q

)21- [n

Sn =
2
i=1 i

]2

(13)

where o; are the singular values from X, and g is the number
of principal components chosen for the analysis.

E. Anomaly Detection With TAE

This method employs a transformer-based autoencoder
architecture tailored to capture complex spatio-temporal
dependencies in high-dimensional sensor data. By learning
a compact representation of normal operation sequences, the
model detects anomalies via reconstruction error, under the
assumption that abnormal patterns cannot be effectively recon-
structed from the learned latent space [30], [31]. Let X €
RX*N be the sensor data collected during normal operation,
where K and N are the number of sensors and the number of
observations, respectively. Data is segmented into overlapping
windows of length L: X, € RX*L and each window X,
is treated as a sequence input to the transformer encoder.
The transformer encoder, denoted by 7(-), extracts latent
representations by processing the input sequence enriched with
positional encoding P. The resulting embedding is Z, =
T(X, + P). A convolutional decoder C(-) composed of 1-D
convolutional layers reconstructs the original input from the
latent representation: X n=C(Z,).

The model is trained to minimize the mean squared
reconstruction error between the input sequence Xrn and its
reconstruction Xn

L—

1 R R 2
Lree = 27 k; 2 (Feln—0—%m—€)". (14

This loss encourages the network to learn the manifold of
normal system behavior, thus enabling it to exhibit high
reconstruction error on anomalous inputs.

At inference time, each test sequence X, is passed through
the transformer encoder and convolutional decoder to produce
the reconstruction X,. The anomaly score at a time n is
defined as the £, norm of the reconstruction error at the last
step of the window

sn = |x[n] — % [n]|,. (15)
A higher anomaly score indicates deviations from normal oper-
ation patterns, allowing for effective unsupervised detection of
various types of sensor anomalies.
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V. EXPERIMENTAL SETUP
A. Dynamic Simulation Tools and Leak Simulation

The dynamic simulation model was built using Modelica,
a nonproprietary, object-oriented, equation-based language for
modeling complex physical systems [23]. The simulation is
carried out in Dymola, which provides the advanced capabil-
ities for simulating and analyzing Modelica models [22]. The
model incorporates several standard and specialized libraries
that including as follows.

1) Modelon Thermal Power Library: Providing a com-
prehensive set of components for modeling thermal
processes, including GTs, two-phase flow, and condenser
systems [32].

2) Standard Modelica Blocks: Providing standard
blocks for control, signal processing, and system
interconnections.

The dynamic model was presented in the work by
Montaiiés et al. [19], and is also described in Section II in this
article. The model is used to generate a synthetic dataset that
includes both normal operation and operation with realistic
development of leaks in the OTSG tubing. The synthetic
dataset is used to evaluate the unsupervised leak detection
techniques described in Section III.

Five time series corresponding to normal operation and
leak development in the OTSG steam header were generated
by simulating the dynamic model. In these time series, the
steam cycle and OTSGs are subject to operating conditions
that correspond to the normal variability of the connected
GTs, with load oscillations around the nominal point and
step changes corresponding to different operating nominal
loads. The normal variability is based on historical data for
mechanical drive GTs during one year of operation that was
previously analyzed for a reference offshore platform in [5].
Each of the five time series generated in this work has a
duration of one week, with a sampling resolution of 1 h. Three
of the time series correspond to normal operation (without
OTSG leaks), and the remaining two time series correspond
to the gradual development of a leak in one of the OTSGs,
as shown in Fig. 3. This is simulated by increasing the size of
the leak over time (orifice opening), resulting in an increasing
mass flow rate of water/steam through the leak over time. The
main input and output variables of the dynamic model relevant
for this work are summarized in Tables I and II.

B. Evaluation Metrics and Leak-Analysis Approach

For performance evaluations, we rely on binary classi-
fication metrics commonly used in anomaly detection. Let
TP be the number of correctly detected leak events (true
positives), FP be the number of false alarms (normal samples
misclassified as leaks), TN be the correctly classified normal
samples (true negatives), and FN be the missed leak events
(false negatives). We define the true positive rate (TPR) and
the false positive rate (FPR) as

TP FP
=——, FPR=——.
TP +FN FP + TN
In real-world operational scenarios, the false alarms may
lead to unnecessary maintenance and downtime, while missed

TPR (16)

1.0
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0.2 1
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Fig. 3. Sample of normalized datasets. (a) GT 1 power production.

(b) ST power production. (c) Makeup water flow rate.

detections can result in costly damage. Thus, the trade-off
between TPR and FPR is crucial. To visualize this trade-off,
we utilize the receiver operating characteristic (ROC) curve,
which plots TPR against FPR across varying decision thresh-
olds. We report the area under the ROC curve (AUC), which
is a threshold-independent measure of separability between
the leak and no-leak distributions. Also, we evaluate models
under a fixed FPR constraint, focusing on the achieved TPR
as the key indicator of detection performance across scenarios
with different leak sizes and different measurement noise
levels. However, we have utilized a geometric mean square
(G-Mean = ((TPR - (1 — FPR)))!/2) to compare detection
performance.

To evaluate the sensitivity and robustness of anomaly detec-
tion methods to varying levels of fault severity, we propose a
structured testing framework. The data is partitioned into four
segments, defined by a leak-size threshold (y). The threshold
y can be interpreted as a normalized leak flow rate, such that
y = 0 corresponds to no leak and y = 1 corresponds to the
maximum leak flow rate (=0.335) observed in the dataset.
The use of y allows us to formulate binary classification tasks
reflecting different fault detection scenarios, as illustrated in
Fig. 4. For a given leak-size threshold (y), we define four
regions as follows.
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Fig. 4. Structured framework for leak analysis. (a) Low-severity leak.
(b) High-severity leak.

1) A, (Normal): Samples for which the leak size is exactly
zero. These represent healthy, baseline system behavior
and are used exclusively for training.

2) A(y) (Normal): Samples for which the leak size is
exactly zero and are used for normal class testing.

3) B(y) (Weak Faults): Samples with leak sizes no larger
than y. These represent incipient or weakly observable
anomalies and form the test set for early fault detection
evaluation.

4) C(y) (Strong Faults): Samples with leak sizes larger
than y. These correspond to more pronounced and
easier-to-detect anomalies, used for validating late-stage
or critical fault detection.

Models are trained on data from A, and tested on data
from A(y), B(y), and C(y). During testing, each experiment
proceeds by fixing a leak-size threshold (y) and identifying
the corresponding regions. More specifically, we define two
binary classification tasks, where Hy and H; represent the
absence and presence of the leak, respectively, as follows.

1) Case 1): A(y) = Ho, B(y) = H; focuses on the
capability of the models to detect small leaks from
normal conditions (i.e., relevant for early warning).

2) Case 2): A(y) = Hp, C(y) = H; focuses on the
capability of the models to detect big leaks from normal
conditions (i.e., relevant for critical conditions).

C. Implementation Details and Tools
We conducted an evaluation of the proposed methods using
baseline implementation in the PyOD Python library [33]. For

1.0 1
0.8 1
Q
—
<
2
(D] 4
= 0.6
=
7]
]
A 0.41
=
4
0.2 1
—— OCSVM (0.9731)
001 LOF (0.8812)
00 02 04 06 08 1.0
False Positive Rate
Fig. 5. ROC curves and corresponding AUC values when processing

the condenser makeup water flow parameter only (small-size leak, v =
0.334).

training a transformer autoencoder (TAE) method, we utilized
the PyTorch deep learning framework. For LRS, we optimize
with maximum iterations of 100 and penalty parameter p =
1073, Following decomposition, PCA was applied on the
low-rank component with 13 retained principal components.
For TAE, we used input windows of five time steps with
14 features, model dimension dpode] = 14, two attention heads,
one encoder layer, feedforward and latent dimensions = 8§,
dropout = 0, convolutional decoder kernel size = 3, batch
size = 4, and Adam optimizer (learning rate 1073) with
mse loss, trained for 1200-1500 epochs. For the baseline
methods, we used PCA with 13 components; OC-SVM with
both polynomial and RBF kernels (degrees 2 and 5); LOF
with contamination level 0.01 and npejghbors = 30. In addition,
we have documented experimental settings for evaluation,
including leak thresholds ([0.03-0.1] and [0.1-0.3]), FPR
levels ([0.05, 0.1] and [0.01-0.2]), and signal-to-noise ratio
(SNR) levels (0-40).

V. RESULTS AND DISCUSSION

We begin our analysis by comparing the performance of
two conventional methods (OC-SVM and LOF) for leak
detection based on condenser makeup water flow rate data
only. As shown in Fig. 3, the makeup water flow rate mmakeup
is highly correlated to the presence of leaks. However, as dis-
cussed in Section II-C and shown in Fig. 3, mmakeup is also
susceptible to large variations during operation with load
changes. Due to this and control strategy-related limitations,
Mmakeup 18 Not considered for real-time leak detection in
current CCGT installations. The purpose of this initial analysis
is thus to investigate the potential utility of mmakeup, should
future cycles be designed with leak detection based on mmakeup
in mind. Fig. 5 shows the performance of OC-SVM and
LOF in terms of ROC curves and associated AUC values
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Fig. 7. ROC AUC versus retained components. (a) For small leak.

for Case l—small-leak detection. Relying on mmakeup as
the single input feature, the figure shows that the methods’
performance is adequate to provide practical utility. The cor-
responding results for Case 2—big leak detection—are omitted
because both methods performed almost flawlessly in this case.

If improved performance is desired in the small-leak case,
a reasonable approach is to include the full set of available
sensor data (see Table II) as data to the detection methods.
Fig. 6 shows the performance of all five methods in the
small-leak case when using the full set of available features.
In this scenario, LRS and TAE achieve the best performance
with AUC scores of 0.9756 and 0.9923, respectively. OC-SVM
(AUC = 0.9538) and LOF (AUC = 0.8671) also perform
reasonably well, but interestingly performed better in the case
when mmakeup Was the only input feature. PCA is the worst
performer with an AUC of 0.7699. As in the previous scenario,
all methods performed very well in the big leak case, so results
from that case are omitted for brevity. In general, the results
indicate that leak detection based on 7 yakeup alone can enable
satisfactory leak detection if the water makeup control and
monitoring system is set up appropriately.

Table III summarizes the average training and inference
times for all methods, measured over five independent runs.

(b) For big leak.

Classical approaches, such as PCA, OC-SVM, LOF, and LRS,
exhibit subsecond training and testing times, confirming their
suitability for real-time monitoring scenarios. In contrast, the
TAE requires substantially longer training time, reflecting the
higher computational cost of deep sequence models, although
its inference time remains comparable to that of LRS. These
results highlight the trade-off between model complexity and
computational efficiency: while advanced neural architectures
may yield higher detection accuracy, lightweight linear and
proximity-based methods offer clear advantages in deploy-
ment settings with strict real-time or resource-constrained
requirements.

The G-mean balances sensitivity (TPR) with specificity,
thereby improving detectors that achieve high TPRs with-
out excessive false alarms. Table IV confirms the relative
findings from the ROC analysis. PCA and LOF achieve
only modest G-Mean values <0.5), indicating that their
increased sensitivity under leak scenarios comes at the expense
of frequent false positives. By contrast, LRS consistently
achieves the highest G-Mean across both thresholds (x0.9),
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Fig. 8. TPR versus normalized leak flow rate threshold -y for fixed FPR
(big-size leak). (a) FPR = 0.1. (b) FPR = 0.2.

TABLE IV
G-MEAN SCORE ACROSS LEAKAGE THRESHOLDS

Model G-Mean@FPR=0.1 G-Mean@FPR=(.2
PCA 0.3390 (0.0292) 0.4422 (0.0228)
OCSVM 0.5504 (0.1303) 0.5694 (0.1072)
LOF 0.3535 (0.0425) 0.4930 (0.0380)
LRS 0.9120 (0.0164) 0.8806 (0.0045)
TAE 0.5366 (0.4215) 0.5060 (0.3974)

underscoring its robustness in maintaining strong leak detec-
tion while keeping false positives low. Interestingly, although
TAE reaches very high AUC values (see Fig. 6), its G-Mean
is considerably lower and more variable, which suggests a
tendency toward overfitting, i.e., better separation in training
but less stable performance under different leak thresholds.
This highlights that LRS offers the most reliable trade-off
between detection power and operational usability, making
it particularly suitable for early-warning leak detection in
practice.
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Fig. 9. TPR versus normalized leak flow rate threshold -y for fixed FPR
(small-size leak). (a) FPR = 0.1. (b) FPR = 0.2.

We also analyze the effect of the retained component in
PCA and LRS methods, as shown in Fig. 7. In both cases, LRS
consistently outperforms standard PCA, achieving higher AUC
values across nearly all component settings. This suggests that
the LRS decomposition in LRS preserves more discriminative
structure relevant to leak detection than PCA. The compar-
isons A versus B and A versus C further highlight that the
separation between leak and no-leak is more challenging in
the latter, reflected in overall lower AUC values, yet LRS still
provides a clear advantage in capturing the underlying leak
signatures.

In the remainder of this section, we focus on leak detection
without including the condenser makeup water flow among
the available features. This setup is in line with current CCGT
installations and is more generally applicable. Fig. 8 presents a
comprehensive comparison of all the methods with a big-leak
perspective when operating at a fixed FPR. The consistent
superiority of LRS and TAE is apparent, while other, more
traditional methods are not capable of reliably detecting
big leaks, with PCA being the one affected more severely.
Fig. 9 presents an analogous comparison with a weak-leak
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perspective. It is apparent and very informative to acknowledge
that the LRS keeps achieving excellent performance, while all
other methods are completely unreliable.

Finally, we consider the impact on the performance of
data quality conditions, again when focusing on methods
operating without including the condenser makeup water flow
among the available features. More specifically, we corrupted
the time series from the dynamic simulation model with
additive white Gaussian noise to mimic realistic operating
conditions. We superimpose zero-mean noise independently on
each feature and assume the same SNR on each one. Fig. 10
presents a comprehensive comparison of all the methods and
their robustness to noisy conditions with a big-leak perspective
when operating at a fixed FPR. LRS and TAE achieve the best
asymptotic performance for large SNR, while suffering a bit
more at low SNR. Fig. 11 presents the analogous performance
with a small-leak perspective, where LRS is confirmed to be
the only reliable method at high SNR, while all methods are
unreliable at low SNR.

VI. CONCLUSION AND FUTURE WORKS

This work presented a quantitative comparison of unsu-
pervised algorithms for leak detection in CCGTs using
synthetic data from a state-of-the-art high-fidelity dynamic
model. If available under appropriate conditions, the condenser
makeup water flow rate is, by itself, sufficient for adequate leak
detection, even using simple methods. However, in the more
common case that appropriate makeup water data is unavail-
able, we demonstrate that state-of-the-art methods nonetheless
show excellent detection capabilities. In addition, detection
sensitivity to leak size and robustness to noise were evaluated.
Detection based on LRS decomposition was the only reliable
algorithm in the most challenging case (small leaks and noisy
measurements, while not relying on makeup water data).
This study was performed exclusively on high-fidelity sim-
ulated data due to the unavailability of industrial leak-labeled
datasets. This study was performed exclusively on high-fidelity
simulated data due to the unavailability of industrial leak-
labeled datasets. Should such data become available in the
future, validation of the proposed detection framework using
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that data would be a valuable continuation of the present
work. This would help assess the practical performance of
the algorithms under real-world conditions, including sensor
faults, unmodeled dynamics, and operational interventions.
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