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ABSTRACT

Offshore wind farms are exposed to severe marine conditions,
which can lead to long-term structural integrity concerns due
to corrosion-induced degradation processes. Here, we pro-
pose a spatio-temporal anomaly detection methodology us-
ing the Impressed Current Cathodic Protection (ICCP) data
from an offshore wind farm. First, we employ a graph au-
toencoder (GAE) to infer the spatial variations in the mea-
surements. We construct a graph based on the spatial prox-
imity between wind turbines, where nodes and edges corre-
spond to wind turbines and distance between turbines. Then,
the latent representation of the measurements obtained by
the GAE, are passed to a long-short term memory (LSTM)
model, which infers the temporal evolution of measured sig-
nal and predict the next state. Finally, we perform anomaly
detection using a combined scoring that includes graph re-
construction errors, latent prediction errors and observation-
space prediction errors. Our results highlight the potential of
integrating graph-based and sequence-based approaches for
industry-relevant anomaly detection and demonstrate that the
proposed methodology can identify turbines and correspond-
ing time periods exhibiting deviations from fleet-level behav-
ior.

1. INTRODUCTION

Offshore areas exhibit stronger and steadier wind resources
compared to the onshore wind energy sites as a result of me-
teorological forcing mechanisms (Porchetta et al., 2021). Re-
cent developments in fixed bottom offshore wind platforms
and in the design of floating wind turbine platforms has ex-
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tended the deployment range of wind energy systems in terms
of water depth and geographical range (Santhakumar, Smart,
Noonan, Meerman, & Faaij, 2022). Hence, offshore wind en-
ergy has become one of the key components of low-carbon,
systems (Ren, Verma, Li, Teuwen, & Jiang, 2021). Moreover,
offshore wind farms can also reduce some land related con-
straints such as land-use conflicts and noise pollution in com-
parison to onshore wind sites. Nevertheless, the geograph-
ical advantage of offshore wind farms can also lead to op-
erational reliability and lifecycle performance related issues.
Considering that offshore wind farms are subjected to limited
accesibility and located in regions where weather conditions
can affect logistics, it is essential to develop methodologies
that can take their increased downtime sensitivity and main-
tenance costs (Ren et al., 2021; Martin, Lazakis, Barbouchi,
& Johanning, 2016; Tremps, Yeter, & Kolios, 2024). There-
fore, robust monitoring methodologies for the early detection
of anomalous system behaviour is vital for offshore systems,
where even minor degradation processes can lead to major
implications for asset health management.

Corrosion remains as one of the most destructive and struc-
turally consequential degradation mechanisms that can affect
offshore wind turbine systems (Brijder et al., 2022; Price &
Figueira, 2017). Monopile foundations, the most widely used
foundation type, are particularly vulnerable when exposed to
harsh marine environments characterized by variable salinity,
oxygen levels, and cyclic wetting conditions. Moreover, the
interaction between near-surface winds and waves can im-
pose persistent cyclic stresses that exacerbate corrosive ex-
posure and promote damage initiation via corrosion–fatigue
mechanisms (Adedipe, Brennan, & Kolios, 2016; Okenyi,
Bodaghi, Mansfield, Afazov, & Siegkas, 2022). Furthermore,
localized surface phenomena such as pitting can also trigger
fatigue crack initiation and substantially affect the remaining
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useful life and reliability of offshore wind systems (Rokhlin,
Kim, Nagy, & Zoofan, 1999; Shittu et al., 2020). Existing
corrosion managemenent methodologies for offshore systems
mainly rely on either corrosion allowance and periodic in-
spection and assessment processes (Price & Figueira, 2017;
Erdogan & Swain, 2021; Kalovelonis, Gortsas, Tsinopoulos,
& Polyzos, 2025). Despite that these approaches are well
established, they are limited in temporal continuity and spa-
tial representativeness. In contrast, cathodic protection sys-
tems (such as ICCP) can continuously regulate electrochemi-
cal protection conditions and provide operational time series
(such as current, voltage and reference potential), which can
be physically coupled to protection demand and environmen-
tal conditions. Hence, the exploitation of ICCP operational
data with implications for asset health management can lay
the foundations for state of the art methodologies.

Early detection of anomalous behaviour in corrosion related
monitoring data is essential for state of the art asset health
management tools for offshore systems. However, corrosion
related anomaly detection is intrinsically both a spatial and
temporal problem. The electrochemical response due to cor-
rosion will be driven both by seasonal timescales affecting en-
vironmental conditions but also depends on the water depth
(hence the spatial location) of the wind turbine. Moreover,
understanding the population level behaviour can help under-
standing the turbine level anomalies. Whereas, purely turbine
level analytics can mischaracterize behaviour that is only ab-
normal in a spatial context (Black, Yeter, Häckell, & Kolios,
2024). Similarly, purely spatial approaches may misinterpret
temporal changes that indicate degradation or ICCP system
faults (Erdogan & Swain, 2022). Hence, joint modeling of
spatial (population/fleet level) and temporal (turbine level)
dynamics is essential. For the spatial behaviour, graph based
representations can provide a mathematical foundation to un-
derstand population level dependencies. On the other hand,
recurrent neural networks such as LSTM can also provide
a basis for modeling temporal dependence in the sequences
of observed data (Hochreiter & Schmidhuber, 1997). There
is also a recent interest in coupling graph-based approaches
with sequential methods to capture complex spatio-temporal
dependencies (Zamanzadeh Darban et al., 2025; Zheng, Ma,
Chen, Zhang, et al., 2024). Hence, we also propose a cou-
pled Graph Autoencoder and LSTM Autoencoder framework
for the detection of corrosion-relevant anomalies using ICCP
operational data.

Existing anomaly detection approaches for offshore wind mon-
itoring systems have traditionally focused either on temporal
sequence modelling at the turbine level using recurrent neural
networks such as LSTMs (Qian, Tian, Kanfoud, Lee, & Gan,
2019; Cui, Bangalore, & Bertling Tjernberg, 2021), or on
spatial population-based graph representations using graph
neural networks and graph autoencoders (Pinciroli, Baraldi,
& Zio, n.d.; Jiang et al., 2026). More recently, there has been

increasing interest in coupling spatial and temporal learning
strategies for wind turbine condition monitoring (Jin et al.,
2024). Temporal approaches can capture evolving degrada-
tion behaviour at individual turbines but may fail to distin-
guish localized anomalies from fleet-wide operating regimes.
Conversely, graph-based spatial methods can identify devia-
tions from fleet-level behaviour but may not adequately cap-
ture temporal regime transitions and slowly evolving dynam-
ics. The present study therefore proposes a coupled Graph
Autoencoder (GAE) and Long Short-Term Memory (LSTM)
framework that combines fleet-level spatial graph learning
with turbine-level latent-space temporal forecasting for fully
unsupervised anomaly detection using ICCP monitoring data.

2. METHODOLOGY

Our anomaly detection framework consists of a Graph Au-
toencoder (GAE) which learns spatial relationships among
turbines and produces latent graph representations (Z), and
a latent-space LSTM model which captures temporal evolu-
tion of these representations and predicts future turbine states.
The overall architecture is illustrated conceptually in Fig.1.
The GAE encoder and decoder are first trained independently
using spatial reconstruction losses and subsequently frozen.
The LSTM is then trained exclusively on the fixed latent rep-
resentations generated by the pretrained encoder. This se-
quential training strategy allows the spatial fleet-level repre-
sentations learned by the GAE to remain unchanged during
temporal learning and enables a clearer separation between
spatial and temporal anomaly contributions.

Considering an ICCP dataset containing T time steps, N tur-
bines (or monitoring locations), and F derived features, the
input tensor is defined as:

X ∈ RT×N×F , (1)

The ICCP measurements within the wind farm are represented
as a graph G = (V,E), that turbines correspond to nodes V
and edges E so encodes spatial proximity between turbines.
The spatial proximity is quantified by using a k-nearest-neighbour
scheme:

Aij = exp

(
−

d2ij
2σ2

)
, (2)

Here Aij is the weight of the edge between turbines i and j,
dij represents the distance between the coordinates, and σ is
the kernel width, which controls the spatial decay of the edge
weights.

For each time step, the turbine feature matrix Xt ∈ RN×F

is processed by a two-layer Graph Convolutional Network
(GCN) similar to (Kipf & Welling, 2016). The graph con-
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Figure 1. The proposed spatio-temporal anomaly detection framework with two stages: a Graph Autoencoder with an LSTM.

volution operation is defined as

H(l+1) = σ
(
D̃−1/2ÃD̃−1/2H(l)W(l)

)
, (3)

Where D̃ is the degree matrix, W(l) are weights and σ(·) is
an activation function. The encoder maps the node features
into a latent space

Zt = fθ(Xt,A), (4)

where Zt ∈ RN×d corresponds to the latent embedding of all
turbines at time t.

Then we make use of a node-wise multilayer perceptron (MLP)
decoder to reconstruct the original features from these em-
beddings:

X̂t = gϕ(Zt). (5)

And GAE is trained by minimizing the reconstruction loss:

LGAE = ∥Xt − X̂t∥22. (6)

Once the GAE is trained, the encoder is applied to the entire
dataset to produce a latent tensor:

Z ∈ RT×N×d. (7)

A sliding window of length L is constructed from these latent

graphs. For each window, the model receives a sequence,

{Zt−L+1, . . . ,Zt} (8)

and predicts the next latent state Ẑt+1. The temporal model is
implemented based on a Long Short-Term Memory (LSTM)
network (Hochreiter & Schmidhuber, 1997).

In the next step, the predicted latent representation is mapped
back to the observation space through the frozen decoder:

X̂t+1 = gϕ(Ẑt+1). (9)

And the LSTM is trained using=:

LLSTM = ∥Zt+1 − Ẑt+1∥22 + β∥Xt+1 − X̂t+1∥22, (10)

After training, anomalies are identified by comparing pre-
dicted and observed turbine states. We consider three error
components: 1) Graph reconstruction error from the GAE, 2)
Latent prediction error from the LSTM and 3) Observation-
space prediction error after decoding. A combined anomaly
score for turbine i at time t is defined as

Si,t = w1E
GAE
i,t + w2E

LAT
i,t + w3E

OBS
i,t , (11)

where EGAE
i,t , ELAT

i,t and EOBS
i,t correspond to the normal-

ized graph reconstruction, latent prediction, and observation-
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space prediction errors, respectively, and wk are weighting
coefficients. For this study, we set the weighting coefficients
to w1 = w2 = w3 = 0.33 so that each error component
contributes equally to the anomaly score.

3. SYNTHETIC DATASET

The available ICCP dataset does not contain any confirmed
failure labels or verified anomaly events. Hence, it is suit-
able for unsupervised anomaly detection but it cannot be used
to quantify detection performance and parameter sensitivity
analysis. Therefore, we first construct a synthetic ICCP-like
dataset that mimics the time variation of reference potential
over a year and provide explicit ground-truth labels for differ-
ent anomaly classes.

The synthetic dataset represents a fleet of N turbines ob-
served over T time steps and assigned a two-dimensional spa-
tial coordinate pi = (xi, yi). The spatial distance between
turbines i and j is denoted by dij . We assume that the fleet-
level correlations can be defined as a function of spatial prox-
imity. To introduce spatially correlated variations across the
fleet, we define a covariance matrix using a squared-exponential
kernel,

Σij = exp

(
−
d2ij
2ℓ2

)
, (12)

where ℓ is the spatial correlation length scale. Spatially cor-
related noise is then generated from this covariance structure,
so that nearby turbines exhibit more similar background fluc-
tuations than distant turbines.

The healthy reference potential signal for turbine i at time t
is constructed as

s0i,t = sbase + sfleet(t) + bi + ϵspi,t + ϵindi,t + di(t), (13)

where sbase is the nominal reference potential, sfleet(t) is
a slowly varying fleet-level background component, bi is a
turbine-specific offset, ϵspi,t is the spatially correlated noise
component, ϵindi,t is independent measurement noise, and di(t)
is a slowly varying turbine-specific drift term. The fleet-level
component is generated as a smoothed stochastic process,

sfleet(t) = Afleet

SWf
[r(t)]

std
(
SWf

[r(t)]
) , (14)

where r(t) is a random process, SWf
[·] denotes moving-average

smoothing over a window Wf , and Afleet controls the am-
plitude of the fleet-wide variability. Similarly, the turbine-
specific drift term is generated as

di(t) = Adrift
SWd

[ri(t)]

std (SWd
[ri(t)])

, (15)

where ri(t) is an independent random process for each tur-
bine and Wd is the drift smoothing window. In addition to
the non-anomalous background variability, we also add short-
lived downward transients to mimic the system behaviour of
the ICCP system that leads to short time-scaled changes of
temporary protection level in response to environmental per-
turbations or controller responses. For a transient starting at
time t0, the imposed perturbation is

∆stri,t = −Atr exp [−γ(t− t0)] , t0 ≤ t ≤ t0 + τtr,
(16)

where Atr is the transient amplitude, γ controls the decay
rate, and τtr is the duration of the event.

We consider four main major anomaly types in our synthetic
dataset. First, a temporal anomaly is introduced at a single
turbine by adding a gradually increasing drift, an oscillatory
component, and additional noise:

∆stemp
i,t = α(t)+Aosc sin

(
2πt

Posc

)
+ϵtemp

i,t , t ∈ [ttemp
0 , ttemp

1 ],

(17)

where α(t) is a linear drift term, Aosc is the oscillation am-
plitude, Posc is the oscillation period, and ϵtemp

i,t is additional
noise.

Second, a spatial anomaly is introduced as a persistent offset
at one turbine over a fixed time interval,

∆sspi,t = Asp, t ∈ [tsp0 , tsp1 ], (18)

where Asp is the imposed spatial offset. This anomaly repre-
sents a turbine that deviates from the fleet-level spatial pattern
without necessarily exhibiting a complex temporal evolution.

Third, a spatio-temporal anomaly is introduced over a local
cluster of neighbouring turbines. For turbine i within the af-
fected cluster, the perturbation is defined as

∆ssti,t = λiβ(t) + ϵsti,t, t ∈ [tst0 , t
st
1 ], (19)

where β(t) is a time-dependent drift affecting the cluster, ϵsti,t
is additional noise, and λi is a spatial decay factor that de-
creases with distance from the central affected turbine. This
case is designed to test whether the framework can detect
anomalies that are both spatially localized and temporally
evolving.
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Finally, a fleet-wide global shift is introduced as an anoma-
lous regime change,

∆sglobi,t = Aglob sin

(
π

t− tglob0

tglob1 − tglob0

)
, t ∈ [tglob0 , tglob1 ],

(20)

which is applied to all turbines simultaneously.

The final synthetic reference potential is therefore given by

si,t = s0i,t+∆stri,t+∆stemp
i,t +∆sspi,t+∆ssti,t+∆sglobi,t . (21)

The ground-truth anomaly label is then defined as

yi,t = I
[
∆stemp

i,t ̸= 0 ∨ ∆sspi,t ̸= 0 ∨ ∆ssti,t ̸= 0
]
, (22)

where I[·] is the indicator function. The transient spikes are
therefore not included in the anomaly label.

The generated synthetic ICCP dataset, including the injected
temporal, spatial, spatio-temporal, and global fleet-wide regimes,
is shown in Fig. 2. The top panel of Fig. 2 illustrates the syn-
thetic turbine layout together with the spatial location of the
injected anomaly classes. Temporal anomalies are introduced
at a single turbine and primarily affect the temporal evolu-
tion of the signal without strong fleet-level spatial deviation.
Spatial anomalies are imposed as persistent offsets at one tur-
bine relative to the surrounding fleet behaviour. In contrast,
spatio-temporal anomalies are injected over a local cluster of
neighbouring turbines and therefore combine both spatially
localized and temporally evolving behaviour. The middle
panel presents the corresponding ground-truth anomaly clas-
sification map used for model validation. Different colours
represent the temporal, spatial, and spatio-temporal anomaly
regimes, together with a fleet-wide global shift. The bottom
panel shows representative synthetic ICCP reference poten-
tial signals corresponding to the different anomaly classes to-
gether with the fleet mean behaviour. The generated signals
reproduce several characteristics observed in real ICCP mon-
itoring data, including fleet-level correlated variability, local-
ized deviations, transient disturbances, and slowly evolving
temporal changes.

4. MODEL VALIDATION AND SENSITIVY ANALYSIS

Using the generated synthetic dataset, we first evaluate the
added value of using a coupled GAE/LSTM framework vs a
purely spatial Graph Autoencoder (GAE) approach. We per-
form an ablation analysis comparing a purely spatial Graph
Autoencoder (GAE) approach against the coupled GAE/LSTM
framework. Figure 3 presents the corresponding anomaly

Figure 2. Top panel: Synthetic turbine layout and location
of the injected anomaly classes. Middle panel: Ground-
truth anomaly classification map used for validation of the
anomaly detection framework. Bottom panel: Example syn-
thetic ICCP reference potential signals for different anomaly
regimes.

scores and detection maps for the synthetic ICCP dataset. In
the GAE-only configuration, the anomaly score is computed
exclusively from the graph reconstruction error, whereas the
coupled GAE/LSTM framework combines latent-space tem-
poral prediction errors and observation-space reconstruction
errors. For this initial analysis, we used a graph with k = 3
nearest neighbours, a latent embedding dimension of d = 16,
a hidden graph-convolution dimension of 32, and an LSTM
window length of 30 days. The anomaly score threshold was
initially fixed to the 85th percentile of the training distribu-
tion without any additional anomaly score smoothing or filter-
ing. The initial parameter choices were selected empirically
to provide a stable baseline configuration before performing
the full parameter sensitivity analysis presented later in this
section.

The top panel of Fig. 3 compares the evolution of the mean
anomaly score for the GAE-only and GAE/LSTM configura-
tions. The middle and lower panels present the corresponding
detection maps relative to the known ground-truth anomalies.
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Despite a relatively high level of short-time scale false detec-
tions, both approaches successfully identify the localized spa-
tial and spatio-temporal anomalies. However, a major differ-
ence emerges for the fleet-wide global shift occurring around
day 220. In the GAE-only configuration, the graph autoen-
coder largely interprets this regime as normal behaviour be-
cause the shift occurs coherently across the entire fleet and
therefore preserves the relative spatial structure between tur-
bines. Consequently, the graph reconstruction error remains
relatively small. In contrast, the coupled GAE/LSTM frame-
work successfully detects the global shift because the latent-
space temporal dynamics deviate significantly from the pre-
viously learned temporal evolution of the system. This result
demonstrates that the temporal modeling component provides
complementary information to the spatial graph reconstruc-
tion and highlights the importance of combining both spa-
tial and temporal learning mechanisms for detecting regime
changes in ICCP monitoring data.

To evaluate the robustness of the proposed framework with
respect to model and anomaly-scoring parameters, we per-
formed an additional sensitivity analysis consisting of 30 in-
dependent experiments with latent-space, temporal, and post-
processing configurations. The evaluated parameters included
the latent embedding dimension, graph-convolution hidden
dimension, LSTM hidden dimension, temporal window length,
latent-versus-observation anomaly weighting, smoothing set-
tings, and minimum-duration filtering. The detection thresh-
old was fixed to the 85th percentile of the training distribution
in all experiments in order to isolate the effect of the remain-
ing parameters.

The sensitivity analysis was organized into three groups of
experiments. The first group consisted of baseline configura-
tions without temporal smoothing or duration filtering. The
second group introduced temporal smoothing of the anomaly
score using moving-average windows of different lengths. Fi-
nally, the third group combined temporal smoothing with a
minimum-duration constraint requiring anomalies to persist
for several consecutive timesteps before being classified as
anomalous. The objective of this progressive analysis was to
evaluate how temporal post-processing influences the trade-
off between false positives and detection sensitivity. The com-
plete set of tested configurations and corresponding perfor-
mance metrics is provided in Appendix A.

The obtained results indicate that temporal post-processing
substantially improves the robustness of the anomaly detec-
tion framework. Baseline configurations without smoothing
or duration filtering produced moderate detection performance,
with F1-scores typically between approximately 0.56 and 0.59.
Introducing temporal smoothing increased recall substantially
and improved the overall F1-score to approximately 0.61–
0.64, indicating that coherent anomaly structures are more
reliably detected when isolated fluctuations in the anomaly

Figure 3. Top panel: Synthetic turbine layout and location
of the injected anomaly classes. Middle panel: Ground-
truth anomaly classification map used for validation of the
anomaly detection framework. Bottom panel: Example syn-
thetic ICCP reference potential signals for different anomaly
regimes.

score are suppressed. The best overall performance was ob-
tained when smoothing and minimum-duration filtering were
combined, with several configurations achieving F1-scores
above 0.75 and accuracies exceeding 0.92.

In contrast, variations in the latent embedding dimension, graph-
convolution hidden dimension, LSTM hidden dimension, and
temporal window length produced comparatively smaller changes
in the detection metrics. Although moderate differences in
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precision and recall were observed across configurations, the
overall behaviour of the framework remained relatively stable
over a broad range of architectural parameter choices. These
results suggest that the proposed framework is not strongly
dependent on precise hyperparameter tuning and that the learned
spatial-temporal representations are reasonably robust to mod-
erate variations in model complexity.

Overall, the sensitivity analysis indicates that the proposed
framework benefits primarily from enforcing temporal con-
sistency in the anomaly decision process. This behaviour is
physically consistent with ICCP monitoring systems, where
isolated transient fluctuations may occur due to short-lived
environmental or controller-related disturbances, whereas mean-
ingful anomalous regimes are expected to persist over longer
time periods. Consequently, temporal smoothing and minimum-
duration filtering substantially reduce false positives while
preserving the detection of sustained anomalous behaviour.

Among the tested configurations, run 25 yielded the best over-
all trade-off between precision, recall, F1-score, and accu-
racy, achieving an F1-score of approximately 0.76 and an ac-
curacy exceeding 0.92. This configuration employed a latent
embedding dimension of 16, graph hidden dimension of 16,
LSTM hidden dimension of 16, temporal window length of
10 days, temporal smoothing with a window length of 3 sam-
ples, and a minimum anomaly duration of 7 samples. The
corresponding anomaly detection results for this optimal con-
figuration are presented in Fig. 4.

Figure 4. Anomaly results with the optimal configuration
found in total 30 experiment runs.

5. APPLICATION TO ICCP DATA

Here, we demonstrate the proposed anomaly detection frame-
work using ICCP monitoring data from an offshore wind farm.
ICCP systems operate by imposing an external electrical cur-
rent between inert anodes mounted on the steel structure to
shift the electrochemical potential of the steel to more neg-
ative values. This shift effectively suppresses the corrosion
reaction as the steel surface then behaves as a cathode in-
stead of an anode in an electro-chemical cell. This potential is
measured using reference electrodes installed near the struc-

Figure 5. ICCP dataset used in this study. Top panel: spa-
tial distribution of wind turbines in the offshore wind farm
and subset of turbines used in the analysis. Lower panels:
examples of reference potential time series measured at two
turbines over the one year observation period.

ture. As a result, ICCP monitoring systems typically provide
time series of voltage, injected current and reference potential
measurements.

Here we consider ICCP data collected from an offshore wind
farm consisting of 44 wind turbines. However, not all tur-
bines provide continuous data coverage over the full observa-
tion period. Hence, we restrict the analysis to a subset of 26
turbines which provide uninterrupted measurements over ap-
proximately one year. The spatial distribution of turbines and
the subset used in the analysis are illustrated in Fig. 5. The
lower panels of the figure also show examples of the reference
potential time series recorded at several turbines.

The reference potential provides the most direct indicator of
the electrochemical protection state of the steel structure among
the available ICCP measurements. It represents the electri-
cal potential difference between protected steel and a refer-
ence electrode placed in the surrounding seawater, and there-
fore directly reflects the electrochemical conditions govern-
ing corrosion processes. In contrast, injected current or sys-
tem voltage are indirect control variables influenced by en-
vironmental conditions, coating state, and controller adjust-
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ments. In the dataset analysed here the ICCP controller main-
tains a nominal reference potential setpoint of approximately
100 mV relative to the free corrosion potential. Because this
signal directly reflects the electrochemical protection state,
deviations from its nominal behaviour may indicate abnormal
conditions such as coating degradation, sensor malfunction,
electrical faults in the ICCP system, or changes in environ-
mental conditions affecting the electrochemical interface.

To extract physically meaningful characteristics from the sig-
nal, we construct a set of derived features computed over
rolling time windows. The first feature corresponds directly
to the raw input (daily averaged reference potential):

x
(1)
i,t = si,t. (23)

Slow drifts in the reference potential may indicate progressive
degradation mechanisms such as coating damage or changes
in the electrochemical environment. To capture such behaviour
we compute the slope of the signal over a rolling window of
10 days (hereafter denoted as L) over one year:

x
(2)
i,t =

∑L−1
k=0 (k − k̄)(si,t−k − s̄i,t)∑L−1

k=0 (k − k̄)2
, (24)

where s̄i,t denotes the mean value of the signal within the
window. This feature measures the local trend of the refer-
ence potential and allows the detection of gradual deviations
from the nominal protection level.

Short-term fluctuations of the potential may arise from elec-
trical disturbances, environmental variability or unstable con-
trol behaviour. To quantify the variability of the signal in a
robust manner we compute the rolling median absolute devi-
ation within a daily window

x
(3)
i,t = median (|si,t−k − s̃i,t|) , k = 0, . . . , L− 1, (25)

where s̃i,t denotes the median potential within the rolling
window. Variations in this feature may indicate intermittent
disturbances, oscillatory controller behaviour or electrode in-
stability.

Finally, we compute the lag-1 autocorrelation coefficient within
a 21-day rolling window

x
(4)
i,t =

∑L−1
k=1 (si,t−k − s̄i,t)(si,t−k+1 − s̄i,t)∑L−1

k=0 (si,t−k − s̄i,t)2
. (26)

This feature captures the temporal persistence of the signal.
Changes in autocorrelation structure may reflect regime tran-
sitions in the ICCP system dynamics, sensor sticking behaviour
or oscillatory control responses.

The resulting feature vector for turbine i at time t is therefore

xi,t =
[
si,t, slopei,t,MADi,t, ρi,t

]
, (27)

where ρi,t denotes the lag-1 autocorrelation.

Figure 6 presents the distribution of detected anomalies across
the wind farm together with a detailed view of the most anoma-
lous turbine (middle and bottom panels). The top panel shows
the anomaly fraction for each turbine over the one-year obser-
vation period. Each node represents a turbine and the color
indicates the percentage of timestamps flagged as anomalous
by the model. Most turbines exhibit near-zero anomaly frac-
tions, indicating highly consistent behaviour across the wind
farm during the analysed period. However, a limited num-
ber of turbines display elevated anomaly fractions, with the
highest anomaly fraction reaching approximately 23.9%. In-
terestingly, the most anomalous turbines are located within
the same local region of the wind farm, suggesting that the
detected deviations may be associated with localized opera-
tional, environmental, or corrosion-related effects rather than
purely random fluctuations.

The middle panel presents the reference potential time series
of the most anomalous turbine together with the fleet mean
and the associated variability envelope. During a substan-
tial fraction of the observation period, the turbine exhibits a
moderate offset relative to the fleet-average behaviour while
still remaining relatively smooth and temporally stable. Al-
though this spatial deviation alone could potentially be in-
terpreted as anomalous in a purely graph-based reconstruc-
tion framework, the coupled GAE/LSTM architecture does
not flag these periods because the temporal evolution of the
signal remains largely consistent with previously learned be-
haviour. Toward the final months of the dataset, however, the
signal begins to exhibit both larger deviations from the fleet-
average magnitude and increased short-timescale variability.

Correspondingly, the bottom panel shows a substantial in-
crease in the anomaly score during this later period, indicat-
ing that the turbine progressively deviates from the learned
spatio-temporal behaviour of the fleet. This behaviour sug-
gests that the temporal modelling stage contributes to sup-
pressing stable but persistent spatial offsets while emphasiz-
ing evolving temporal inconsistencies and dynamically chang-
ing regimes. Nevertheless, it must be noted that the lack of
labelled degradation events or direct corrosion measurements
means that the detected anomalies should presently be inter-
preted as statistically unusual spatio-temporal patterns rather
than confirmed physical faults.

To better understand the behavior of the detected anomalies,
Fig. 7 shows the reference potential signal together with the
derived features for the most anomalous turbine (WT16). The
gray shaded bands indicate time windows classified as anoma-
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Figure 6. Anomaly detection results for the ICCP dataset.
Top panel: spatial distribution of anomaly fractions across
turbines in the wind farm. Middle panel: reference potential
time series for the most anomalous turbine in comparison to
the fleet mean. Bottom panel: corresponding anomaly score
in comparison to the fleet mean.

lous by the proposed framework.

During the first part of the year (approximately January to Oc-
tober), the reference potential remains largely stable around
the nominal protection level of approximately 100 mV, with
occasional short-lived drops in potential. The derived features
during this period remain relatively small: the rolling slope
fluctuates around zero, the rolling Medium Absolute Devia-
tion (MAD) remains close to its baseline level, and the lag-1
autocorrelation exhibits moderate variability. The anomalies
detected in this regime correspond primarily to isolated po-
tential excursions in the raw signal. Such events are consis-
tent with transient disturbances commonly observed in off-
shore cathodic protection systems, including temporary elec-
trode perturbations, environmental fluctuations, or short con-
trol responses of the ICCP system.

However, we observe a different behaviour during the sec-
ond part of the observation period, starting around early au-
tumn. In this regime the signal exhibits a noticeable increase
in variability and temporal persistence. The rolling MAD in-

Figure 7. Diagnostic representation of the detected anomalies
for the most anomalous turbine (WT16). From top to bot-
tom: reference potential signal, rolling slope, rolling MAD,
and rolling lag-1 autocorrelation. Gray shaded regions indi-
cate time windows classified as anomalous by the proposed
framework.

creases significantly, indicating stronger short-term fluctua-
tions in the reference potential. For the same time period,
rolling slope shows larger oscillations, which might suggest
the presence of local trends in the signal. The lag-1 autocorre-
lation also increases toward values close to unity, reflecting a
higher degree of temporal persistence in the signal dynamics.
These simultaneous changes in multiple features indicate a
shift in the dynamical regime of the ICCP monitoring signal
rather than isolated disturbances. As a result, the anomaly
detection framework identifies a larger number of anoma-
lous windows during this period. The feature-level repre-
sentation therefore provides insight into the nature of the de-
tected anomalies by distinguishing between short-lived signal
perturbations and longer-term structural changes in the be-
haviour of the ICCP system. These feature variations further
suggest that the anomalous periods identified by the frame-

9
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work are unlikely to correspond solely to intrinsic ICCP con-
trol behaviour or short-timescale operational switching, since
the observed temporal scales are substantially longer and in-
volve persistent changes across multiple derived features. Such
behaviour may potentially reflect seasonal environmental forc-
ing effects; however, the absence of additional environmental
measurements such as seawater temperature, salinity, wave
activity, or hydrodynamic conditions prevents a more robust
interpretation of the role of seasonality in the present study.

6. CONCLUSION AND PERSPECTIVES

We presented an initial implementation of a spatio-temporal
anomaly detection framework for ICCP monitoring data in
offshore wind farms based on a coupled Graph Autoencoder
and latent-space LSTM architecture. The framework was ap-
plied to long-term ICCP monitoring data from an offshore
wind farm, focusing on reference potential measurements from
a subset of turbines with continuous observations. Feature
engineering was designed to capture multiple aspects of sig-
nal behaviour, including local drift, short-term variability, and
temporal persistence. The results show that the majority of
turbines exhibit highly consistent behaviour with low anomaly
fractions, while a small number of turbines display recur-
rent deviations from the learned patterns. Detailed feature-
level diagnostics further indicate that the detected anoma-
lies include both transient disturbances in the ICCP signal
and shifts in the dynamical regime of the system character-
ized by increased volatility, stronger temporal persistence,
and local trends. These findings demonstrate that combining
graph-based spatial learning with temporal sequence mod-
elling provides an effective approach for identifying abnor-
mal behaviour in cathodic protection monitoring systems with-
out requiring extensive sensor deployment or predefined fault
labels. Moreover, the proposed framework illustrates the po-
tential of population-based monitoring strategies for offshore
wind farms, where information from multiple turbines can
be used to detect minor deviations that would be difficult to
identify through single-turbine analysis alone.

The graph adjacency is defined based on spatial proximity be-
tween turbines. However, future extensions could incorporate
more advanced graph construction strategies based on corre-
lated turbine responses, operational similarity, environmen-
tal forcing, or statistical dependency measures such as corre-
lation coefficients. Such extensions could allow the frame-
work to capture more complex interactions between environ-
mental forcing, operational conditions, and corrosion protec-
tion behaviour while potentially improving the physical in-
terpretability of detected anomalies. Moreover, potential sea-
sonal environmental effects should also be considered when
interpreting long-term ICCP monitoring behaviour.

The sensitivity analysis further demonstrated that anomaly
scoring and post-processing parameters can significantly in-

fluence the final detection performance. In particular, percentile-
based thresholds in combination with temporal smoothing and
minimum-duration filtering provided substantially more sta-
ble detection behaviour and reduced the occurrence of iso-
lated false-positive detections. Based on the present synthetic
benchmark experiments with moderate smoothing windows
and minimum-duration constraints yielded robust performance
across a broad range of model configurations. Nevertheless,
the optimum parameter selection remains application-dependent
and may vary depending on the temporal variability, environ-
mental forcing, and operational characteristics of a given off-
shore wind farm. Consequently, future studies should ide-
ally rely on ICCP datasets containing labelled degradation
events or maintenance records to enable systematic calibra-
tion and optimization of anomaly scoring weights, thresholds,
and post-processing strategies. Such labelled datasets would
also facilitate transition from fully unsupervised anomaly de-
tection toward semi-supervised performance optimization and
more physically interpretable fault classification. Moreover,
additional comparisons against fully temporal non-graph ar-
chitectures constitute an interesting direction for future work.
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