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ABSTRACT The commercial viability of Wave Energy Converters (WECs) depends heavily on reducing
operation and maintenance costs by accurately detecting mechanical degradation, such as Power Take-Off
(PTO) failures. A major challenge in the current state of the art is distinguishing true mechanical faults from
false alarms triggered by a typical metocean conditions. This paper presents a test site case study proposing
a three-phase data-driven methodology for the performance analysis of a WEC fleet. Due to early-stage
development sensitivity, the study utilizes a semi-empirical dataset where both nominal metocean conditions
andWEC power generation are extracted directly from real offshore telemetry, while environmental penalties
and mechanical faults are introduced computationally to evaluate algorithmic robustness. The methodology
integrates two key performance analysis models: a supervised learning approach and a parametric model.
First, an Extreme Gradient Boosting (XGBoost) algorithm acts as a regressor to establish an absolute power
generation baseline based on wave inputs. Second, a Cobb-Douglas Stochastic Frontier Analysis (SFA)
evaluates the relative technical efficiency of the assets. The SFAdecomposes the composite residual, isolating
one-sided mechanical inefficiencies from symmetric environmental noise, such as spectral spreading.
Finally, a deterministic decision engine merges the absolute power deficits with the relative SFA scores.
Results demonstrate that this architecture effectively mitigates environmental false positives and identifies
critical mechanical faults, providing a promising framework for offshore maintenance dispatch. To promote
reproducibility and open science within the marine energy sector, the complete codebase developed for this
study is made publicly available.

INDEX TERMS Condition monitoring, machine learning, predictive maintenance, stochastic frontier
analysis, wave energy converters, XGBoost.

I. INTRODUCTION
Ocean wave energy represents one of the most energy-dense
and geographically predictable renewable resources avail-
able, with global estimates suggesting a theoretical potential
of approximately 26,000 TWh per year [1]. Despite this
abundance, wave energy technology remains at the pre-
commercial threshold, largely because the Levelized Cost of
Energy (LCOE) for current deployments cannot yet compete
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with mature offshore wind or utility-scale solar. Among the
primary cost drivers, Operation and Maintenance (O&M)
expenditures are disproportionately large: in some reported
WEC systems, maintenance activities alone account for up
to 57% of total operational expenses [1]. Reducing this bur-
den through intelligent, data-driven condition monitoring is
therefore not merely an engineering optimization problem;
it constitutes a commercial prerequisite for the transition of
wave energy from prototype testing to grid-scale deployment.

Point Absorber WECs rely on mechanically complex,
failure-prone Power Take-Off (PTO) systems to convert
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wave motion into electrical energy. While this study utilizes
a foundational case study inspired by CorPower Ocean’s
C4 technology [2], the proposed data-driven diagnostic
methodology is strictly technology-agnostic. PTO degrada-
tion directly manifests as suppressed electrical power output.
However, detecting these mechanical signatures early enough
to trigger cost-effective maintenance is challenging because
the wave-to-power relationship is highly non-deterministic.
In harsh marine environments, power generation is heavily
mediated by spectral shape, directional spreading, and reso-
nance, a physical complexity that forms the core diagnostic
problem addressed in this work.

A. THE ENVIRONMENTAL FALSE-POSITIVE PROBLEM
The fundamental challenge in WEC condition monitor-
ing is environmental false positives: alarms triggered by
sub-optimal metocean conditions rather than mechanical
degradation. Point absorbers maximize their Capture Width
Ratio (CWR) through resonance with incident wave fre-
quencies [3]. During atypical conditions, such as spectral
spreading or confused seas, wave energy is distributed across
broad frequency bands. Lacking a dominant resonant fre-
quency, the conversion efficiency of the entire array drops
symmetrically, aligning with empirical CWR boundaries [4].
Consequently, diagnostic systems evaluating assets in iso-
lation misinterpret this fleet-wide environmental penalty
as widespread mechanical failure, triggering prohibitively
expensive vessel dispatches.

Left unfiltered, these environmentally induced false-
positive rates render automated maintenance dispatch oper-
ationally unviable. Existing diagnostic approaches struggle
precisely because they lack the spatial awareness required
to determine whether a generation anomaly is isolated to a
specific WEC or shared uniformly across the fleet.

B. LIMITATIONS OF THE CURRENT STATE-OF-THE-ART
The bulk of offshore condition monitoring literature
draws directly from established wind turbine diagnostic
paradigms [1]. Consequently, normal behaviour models are
widely implemented to raise anomaly flags whenever gener-
ation residuals exceed statistical thresholds [5].
However, while useful for rotary machinery, these abso-

lute models carry critical structural limitations for WECs.
By evaluating assets independently, they remain inherently
blind to fleet-wide metocean deviations at inference time.

Furthermore, conventional methods treat the prediction
residual as a single composite signal, conflating symmetric
environmental perturbations with asymmetric mechanical
losses. Applying static thresholds to this conflated signal
inevitably triggers false positives under adverse seas or
obscures early-stage faults. To the best of the authors’
knowledge, no published WEC framework has formal-
ized a real-time statistical decomposition of this composite
residual, nor demonstrated explicit false-positive suppression
for automated O&M dispatch.

C. PROPOSED APPROACH AND CONTRIBUTIONS
To address these limitations, this paper proposes a three-
phase data-driven architecture for WEC fleet condition
monitoring, combining supervised machine learning with
parametric econometric modelling. Evaluated on a semi-
empirical array dataset anchored in real offshore telemetry,
the proposed topology-agnostic architecture shows potential
applicability to other fleets sharing a common metocean
environment.

The primary contributions of this work are summarized as
follows:

1) Hybrid Diagnostic Architecture: A multi-phase
framework that orthogonally merges an Extreme
Gradient Boosting (XGBoost) regressor, establishing
an absolute generation baseline with R2

= 0.9038 on
healthy fleet data, with a Cobb-Douglas Stochastic
Frontier Analysis (SFA) to extract relative technical
efficiency across the fleet in real time.

2) Statistical Isolation of Environmental Noise: The
application of SFA to WEC condition monitoring. This
approach mathematically decomposes the composite
prediction residual into a symmetric meteorological
noise component (v) and a one-sided inefficiency com-
ponent (u), providing an estimate of inefficiency that is
interpreted as potential PTO degradation, distinct from
environmental volatility.

3) Deterministic False-Positive Suppression: A four-
state decision matrix that filters alarms triggered by
sub-optimal wave spectra. Integrating absolute power
deficits, relative SFA scores, and a temporal thresh-
old helps separate transient environmental noise from
sustained mechanical degradation, guiding targeted
maintenance.

The remainder of this paper is organized as follows.
Section II reviews the relevant literature on data-driven WEC
monitoring, frontier efficiency methods, and hybrid diagnos-
tic architectures. Section III details the scope, physical con-
straints, and semi-empirical dataset processing. Section IV
introduces the mathematical formulation of the three-phase
methodology. Section V presents and discusses the oper-
ational results. Finally, Section VI provides concluding
remarks and outlines future work.

II. RELATED WORK
The literature on WEC condition monitoring [1] and oper-
ational performance optimization [6] spans three parallel
streams: (i) machine learning for fault detection, (ii) frontier
methods for efficiency benchmarking, and (iii) hybrid diag-
nostic architectures. This review situates our work at their
intersection, motivating the proposed methodology.

A. DATA-DRIVEN FAULT DETECTION AND POWER
PREDICTION IN WECS
Proliferating SCADA telemetry has accelerated machine
learning applications for WEC health monitoring. However,
a comprehensive taxonomy by Mortazavizadeh et al. [1]
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concludes that adapting wind energy techniques to WECs
introduces unique diagnostic challenges, primarily due to the
complex hydrodynamic coupling between wave spectra and
PTO mechanics.

Recent literature confirms that simplified spectral rep-
resentations systematically bias power predictions. For
instance, assuming an idealized single-peak JONSWAP spec-
trum can overestimate annual production by 16.5% [7].
Furthermore, multi-directional seas dampen power fluc-
tuations across point-absorbing arrays [8] and individual
platforms [9] compared to unidirectional assumptions. Ignor-
ing the disturbed wave field [10] and the macroscopic
impact of energy extraction [11] further distorts array genera-
tion assessments.Methodologically, linear frequency-domain
models overpredict power in irregular seas by missing non-
linear viscous limits [12], necessitating second-order random
wave formulations for accurate prediction [13].
Consequently, single-asset baselines failing to account for

climate variability [14] inevitably misinterpret multi-modal
seas as mechanical under-performance. Masoumi et al. [5]
highlight this critical gap: most literature targets nominal
power prediction, leaving fault isolation under environmental
disturbances unaddressed. By operating in isolation, existing
models forfeit the fleet-level context necessary to distinguish
localized mechanical failures from fleet-wide meteorological
events.

Within the supervised learning domain, gradient-boosted
tree ensembles have emerged as the preferred baseline
for tabular SCADA prediction tasks [15] due to their
robust handling of complex non-linear feature interac-
tions [16]. Consequently, XGBoost-anchored ensembles
achieve state-of-the-art accuracy on multi-device WEC
power prediction [17].

Deep learning alternatives, principally Long Short-Term
Memory (LSTM) architectures [18], are frequently proposed
for sequence-aware marine forecasting [5]. Additionally,
convolutional networks are leveraged for wave power predic-
tion [19] and spectral feature classification [20].
Nevertheless, the strict interpretability limitations of

closed box algorithms [21] combined with their vulnerability
to distributional shifts make them unsuitable for real-time
condition monitoring frameworks [22].

B. FRONTIER METHODS FOR OFFSHORE ENERGY
EFFICIENCY ASSESSMENT
Complementing absolute power prediction, econometric
research addresses relative technical efficiency using pro-
duction frontier models. Stochastic Frontier Analysis (SFA),
formulated byAigner et al. [23], decomposes the gap between
observed output and a theoretical frontier into two distinct
components: symmetric random noise (capturing environ-
mental volatility and measurement errors) and a non-negative
inefficiency term (capturing mechanical waste). This prop-
erty intrinsically separates spectral spreading penalties from
physical PTO degradation in WECs.

Across the broader energy sector, SFA is widely utilized
to benchmark technical efficiency, ranging from macro-
economic assessments [24] and regional energy indices [25]
to the operational evaluation of mining enterprises [26].
Within offshore renewables, applications remain strictly
confined to wind energy. Iglesias et al. established a method-
ological precedent by extracting efficiency scores directly
from wind farm SCADA data [27]. Subsequent research has
utilized panel-level SFA to evaluate the technical efficiency of
national wind industries [28] and demonstrated the robustness
of parametric frontiers in assessing the long-term resilience of
offshore wind farms [29].
Efficiency estimates remain highly sensitive to chosen

functional forms and distributional assumptions [30].
Although semiparametric extensions like StoNED relaxes
these constraints via flexible shaping [31], and hybrid mod-
els address complex non-linear dynamics [32], standard
parametric SFA is consistently preferred over deterministic
methods like DEA due to its superior resilience to measure-
ment noise in harsh environments [33].

Despite these advancements, transferring frontier methods
to wave diagnostics remains unexplored, a gap consistently
noted in fault diagnosis literature [1] and ocean energy
surveys [5]. While prior studies restrict SFA to industry-
wide empirical assessments [28] or long-run offshore wind
audits [29], this architecture uniquely exploits dynamic
v-u decomposition as an instantaneous, real-time diagnostic
signal for automated O&M dispatch.

C. HYBRID DIAGNOSTIC ARCHITECTURES AND THE
ENVIRONMENTAL FALSE-POSITIVE GAP
A principal limitation of existing approaches is their reliance
on single modelling paradigms. Purely absolute models flag
any statistical deficit, confounding mechanical wear with
fleet-wide metocean events. Conversely, purely relative mod-
els (like standalone SFA) ignore absolute generation levels,
potentially assigning nominal efficiency scores to a fleet
degrading uniformly under an environmental shock.

In offshore renewables, particularly wind operations [34],
predictive maintenance is transitioning toward AI-driven
hybrid architectures [35]. This shift addresses the economic
impact of false alarms; as May and McMillan originally
noted [36], false-positive alerts trigger high-risk, unneces-
sary vessel deployments that erode monitoring benefits. This
vulnerability is corroborated by surveys on AI-based mit-
igation [37] and broader reviews of offshore maintenance
trends [38].
To mitigate this, recent literature integrates machine

learning with statistical filters to cross-validate alarms.
Specifically, k-Nearest Neighbour frameworks [39] and
broader ensemble models [40] successfully identify sub-
stantial false positive rates in SCADA logs. Furthermore,
normal behavioural boundaries are increasingly refined via
semi-supervised deep learning [41] and statistical techniques
tailored for highly imbalanced operating states [42].
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However, analogous WEC monitoring approaches remain
scarce because the false alarm problem is structurally dis-
tinct. While wind turbine false alarms often originate from
sensor noise or internal transients [43], WEC false alarms
are predominantly environmental. Fundamental extraction
efficiency, governed by the Capture Width Ratio [3], can be
suppressed fleet-wide without localized mechanical failure.
These uniform power drops are typically driven by atypi-
cal conditions, such as broad spectral bandwidths restricting
ideal energy capture [7], or short-crested seas dampening the
array’s collective response [8].

This systemic environmental vulnerability exposes a crit-
ical gap: single-asset diagnostics lack the spatial awareness
required to identify fleet-wide efficiency drops. The proposed
architecture addresses this by orthogonally combining an
absolute XGBoost baseline with a relative Cobb-Douglas
SFA frontier into a unified fleet-level pipeline. Fusing these
complementary signals successfully differentiates uniform
environmental penalties from isolated mechanical faults, aid-
ing in overriding fleet-wide false alarms while triggering
targeted maintenance dispatch. No prior WEC literature has
combined supervised machine learning with SFA in this man-
ner, nor explicitly demonstrated the quantitative suppression
of spectral spreading false positives for automated O&M
decisions.

III. SCOPE AND CORE ASSUMPTIONS
The methodology relies on strictly defined physical and
statistical boundaries to ensure diagnostic accuracy. Due to
early-stage development sensitivity at the offshore test site,
this study utilizes a semi-empirical dataset anchored in real
metocean telemetry. Sourced directly from an operational
Waverider buoy between March and June 2026, the data
provides an authentic hydrodynamic foundation to model
twelve C4-inspired point-absorber WECs deployed within a
6 km radius. This framework preserves genuine ocean tem-
poral dynamics, establishing a representative environment to
evaluate the diagnostic pipeline.

A. EXPERIMENTAL DESIGN AND TEMPORAL EPOCHS
To assess the condition monitoring architecture, the dataset is
temporally segmented into three distinct operational epochs,

evaluating the 12 WECs over a high-frequency 30-minute
resolution:

• Epoch 1 (Nominal Operation / Golden Period): Rep-
resents the baseline period where all WECs operate
fault-free. This training set is strictly isolated using
operational metadata, ensuring the absolute predictive
models and relative econometric frontier are calibrated
exclusively on confirmed healthy telemetry.

• Epoch 2 (Environmental False Positive): A testing
period characterized by sub-optimal metocean condi-
tions affecting the entire fleet uniformly. A 15% drop in
energy extraction is simulated across all assets to evalu-
ate the system’s resilience against false alarms triggered
by environmental factors.

• Epoch 3 (Critical Mechanical Fault): The final testing
period where severe mechanical degradation (e.g., PTO
failure) is isolated to a specific cluster of assets. Buoys 1
through 8 remain in healthy operation, while Buoys 9
through 12 suffer massive, localized efficiency drops.
This evaluates the model’s capacity to isolate broken
assets within a mixed-health fleet.

B. SFA BOUNDARY CONSTRAINTS
The studied architecture monitors WECs with a nominal
capacity limit of 350 kW [44]. The parametric formulation
of the Cobb-Douglas Stochastic Frontier Analysis (SFA),
being inherently log-linear, requires strictly positive input
vectors to evaluate generation elasticity. To prevent mathe-
matical divergence during Maximum Likelihood Estimation
(MLE) caused by logarithmically undefined values, opera-
tional records containing non-positive Wave Power Flux or
electrical generation were excluded. This pre-processing fil-
ter dropped 4,380 unfeasible rows, yielding a refined dataset
of 65,892 observations across the 12 buoys.

Furthermore, because operational power generation within
the monitored dataset peaked at 239.32 kW, the empirical
response resides entirely within the dynamic elastic ramp-up
region of the PTO. Since the 350 kW physical curtailment
plateau was never triggered by the incident wave spectra,
the dataset naturally avoids the horizontal saturation asymp-
totes that traditionally distort log-linear MLE fitting. For
future deployments operating frequently at saturation limits,

FIGURE 1. Architecture flow chart.
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replacing the Cobb-Douglas curve with a Translog frontier
could natively mitigate plateau distortions on inefficiency
estimation [23].

C. SPECTRAL SPREADING AS AN ENVIRONMENTAL
FALSE-POSITIVE DRIVE
To test the decision matrix during Epoch 2, the dataset
incorporates the hydrodynamic impacts of spectral spread-
ing, representative of confused seas or multi-peaked spectra.
Point-absorber WECs rely on mechanical resonance with
dominant wave frequencies to maximize power extrac-
tion [3]. Under broad spectral bandwidths, the energy is
distributed across multiple frequency bands rather than con-
centrated at the device’s resonant frequency. Consequently,
the Capture Width Ratio (CWR) experiences a pronounced
drop despite the gross Wave Power Flux remaining high [4].
This environmentally induced penalty suppresses power gen-
eration uniformly across the entire farm. Embedding this
physical phenomenon into Epoch 2 evaluates the architec-
ture’s capacity to recognize systemic, fleet-wide efficiency
drops as benign environmental noise rather than misclassify-
ing them as localized mechanical faults.

D. DATA ACQUISITION AND FEATURE ENGINEERING
To ensure the data-driven models accurately capture the
complex hydrodynamics of the WECs, rigorous data engi-
neeringwas performed. The foundational ground, comprising
high-frequency (30-minute)multi-spectral wave observations
and the corresponding nominal WEC electrical power, was
directly measured and extracted from operational offshore
telemetry via API. To evaluate fleet-level condition monitor-
ing, this single-asset baseline was computationally expanded
into a simulated 12-WEC array using a spatial attenuation
proxy. This proxy simulates the array’s disturbed wave field
and wake effects by iteratively applying a spatial scaling
factor (ranging from 0.95 to 1.06) to the incident wave
parameters and expected power output. Furthermore, an iter-
ative temporal phase shift was applied to replicate wave
propagation across the 6 km radius, alongside the injection
of Gaussian micro-noise (σ=0.02 for Hs) to realistically
decorrelate the environmental inputs across the assets.

Reflecting the harsh operational realities of offshore
SCADA networks, the raw generated dataset of 70,272 obser-
vations contained severe sensor dropouts. Minor telemetry
dropouts (≤ 2 hours) were cured via piecewise cubic interpo-
lation to preserve temporal continuity. Conversely, sustained
structural data losses were flagged via operational metadata
and subjected to a strict hard-drop policy, expelling 4,152
unfeasible observations. Furthermore, to satisfy the strict log-
arithmic requirements of the subsequent Stochastic Frontier
Analysis (SFA), an additional 228 observations containing
non-positive power or wave flux values were removed. This
rigorous filtering cascade yielded a final, mathematically
clean dataset of 65,892 observations prior to model training.

To prevent seasonal data leakage, explicit temporal vari-
ables (such as hour of day and month) were strictly excluded

FIGURE 2. Temporal dynamics and power capture curve for Buoy 12.

from the feature space. By denying the model access to cycli-
cal time anchors, the Extreme Gradient Boosting (XGBoost)
algorithm is forced to map pure fluid mechanics rather than
relying on temporal correlations. The expanded feature space
utilizes 15 distinct variables, including macroscopic descrip-
tors like Significant Wave Height (Hs) and Energy Period
(Te), alongside advanced statistical spectral data (e.g., Hmax ,
H1/3, Tavg).
To bridge the gap between pure statistical machine learning

and physical oceanography, a domain-specific engineered
feature was introduced: the Wave Power Flux (WPF). The
WPF represents the raw hydrodynamic power available in
the incident wave front per meter of wave crest (measured in
kW/m) and is mathematically derived using the deep-water
approximation:

WPF ≈ 0.49 × H2
s × Te (1)

This physics-informed variable serves as the primary
energy predictor, tightly linking the raw meteorological spec-
tra directly to the mechanical absorption capabilities of the
WEC fleet.

To rigorously evaluate the diagnostic framework, a chrono-
logical experimental design comprising three distinct oper-
ational epochs was embedded into this final 65,892-record
dataset, as visualized in Fig. 2. Epoch 1 (32,880 observations)
establishes the healthy baseline. Epoch 2 (17,472 obser-
vations) introduces a fleet-wide spectral spreading penalty,
artificially suppressing the extraction efficiency uniformly
across all 12 WECs (simulating a systemic environmental
false positive). Finally, Epoch 3 (15,540 observations) sim-
ulates a severe PTO structural degradation exclusively within
a target sub-cluster (Buoys 9–12), allowing the remaining
healthy assets to recover. Fig. 2 illustrates this physical
dynamic for a degraded asset (Buoy 12): the time-series
demonstrates the temporary fleet-wide generation drop fol-
lowed by a localized mechanical fault that significantly
restricts its power extraction.

VOLUME 14, 2026 136729



D. Costa, A. Lucas: Performance Evaluation of WECs: Case Study Using Supervised Learning and SFA

IV. PROPOSED THREE-PHASE METHODOLOGY
To accurately isolate mechanical faults from environmental
noise, the proposed data-driven architecture is structured into
three sequential phases: an absolute performance baseline,
a relative efficiency evaluation, and a deterministic decision
engine.

A. PHASE 1: ABSOLUTE ANALYSIS (DATA-DRIVEN
BASELINE)
The first phase establishes an empirical baseline of healthy
operations. Instead of relying on predefined theoretical power
matrices, an Extreme Gradient Boosting (XGBoost) regres-
sor is utilized as a data-driven predictive model. To prevent
seasonal data leakage, temporal variables (e.g., month, hour)
are strictly excluded from the feature space. Leveraging
the physics-constrained feature space established during
data acquisition, the model captures the non-linear mapping
between macroscopic metocean conditions, primarily the
Wave Power Flux (WPF), Significant Wave Height (Hs), and
Energy Period (Te), and the expected active power generation
(Y ) of the WECs [17].

To optimize the bias-variance trade off and prevent over-
fitting on the highly volatile wave data, the XGBoost
hyperparameters were strictly regularized. The model utilizes
an ensemble of 500 decision trees (n_estimators = 500) with
a maximum depth of 6 (max_depth = 6). To ensure robust
generalization, stochastic gradient boosting techniques were
applied, specifically row subsampling (subsample = 0.8)
and column subsampling by tree (colsample_bytree = 0.8),
combined with a conservative learning rate (learning_rate =

0.05) and explicit regularization terms (reg_alpha = 0.1,
reg_lambda = 1.0) to further penalize model complexity.

Rejecting blind chronological partitions, the training sub-
set is strictly isolated using operational metadata from the
Epoch 1 Golden Window. This guarantees that the algorithm
learns exclusively from confirmed fault-free telemetry. The
model’s predictive accuracy is evaluated out-of-sample using
three standard regression metrics: Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), and the Coefficient
of Determination (R2).
During inference, the absolute residual (1Y i,t) for each

asset i at timestamp t is computed. Instead of a hard-
coded threshold, a dynamic confidence band is established
using the historical RMSE extracted from the training cal-
ibration. In standalone operation, an absolute anomaly flag
(Condition A) is triggered when the generation deficit strictly
exceeds a −3σ error margin, acting as a robust Statistical
Process Control (SPC) heuristic to isolate severe operational
deviations:

1Yi,t< −3.0 × RMSE train (2)

This chosen multiplier serves as an operational assumption
for this proof-of-concept and requires calibration with actual
operational data in future deployments.

B. PHASE 2: RELATIVE BENCHMARKING (SFA)
While Phase 1 effectively identifies deviations from his-
torical expectations, it cannot mathematically distinguish
whether a generation drop is caused by mechanical failure
or unmeasured sub-optimal sea states. Phase 2 solves this by
comparing the assets against each other using a Stochastic
Frontier Analysis (SFA) [23].

The production frontier is defined using a log-linear
Cobb-Douglas specification:

ln
(
Yi,t

)
= β0 + β1ln

(
WPF i,t

)
+ vi,t − ui,t (3)

where β0 represents the intercept and β1 is the output
elasticity with respect to the wave power flux. Methodologi-
cally, the log-linear Cobb-Douglas formulation is deliberately
selected over flexible functional forms, such as the Translog
frontier. While a Translog model captures second-order
quadratic interactions, its unconstrained flexibility renders
it highly susceptible to overfitting in harsh, highly volatile
offshore environments, frequently violating strict monotonic-
ity assumptions. The Cobb-Douglas model guarantees strict
global monotonicity, ensuring that an increase in incident
hydrodynamic energy consistently yields a non-decreasing
power generation baseline, successfully preventing erratic
frontiers amid wave noise.

The composite residual is decomposed into two distinct
variables (ε = v - u). Unlike deterministic models, this
decomposition is the cornerstone of the diagnostic process.
The symmetric noise component, vi,t ∼ N(0, σ 2v ), cap-
tures natural sea-state variation and sensor noise. Because
SFA measures relative efficiency against the fleet’s empiri-
cal frontier, a fleet-wide environmental penalty (such as the
spectral spreading in Epoch 2) shifts the global performance
baseline uniformly. Since it does not increase individual rela-
tive inefficiency, this systemic variance is absorbed by vi,t .
Conversely, the technical inefficiency component, ui,t ∼

|N(0, σ 2u )|, is a strictly non-negative term capturing unidirec-
tional energy loss. While empirically serving as a proxy for
mechanical PTO degradation in this framework, it also intrin-
sically absorbs unobserved asset heterogeneity and potential
specification errors.

The model parameters are estimated via Maximum Like-
lihood Estimation (MLE). To ensure global convergence and
avoid local minima, the L-BFGS-B optimization algorithm is
employed with multiple randomized initial starting points.

Once the parameters are extracted from the Epoch 1 cal-
ibration, the relative Technical Efficiency (TE) of each
WEC is computed utilizing the Battese and Coelli closed-
form estimator [45]. This approach derives the efficiency
from the conditional expectation of the inefficiency term u
given the composite residual ε, assuming a truncated-normal
distribution. The efficiency is formulated as:

TE i,t = E
[
exp

(
−ui,t

)
|εi,t

]
TE i,t = exp

(
−µ∗ + σ 2

∗

/
2
) 8(µ∗/σ∗−σ∗)

8(µ∗/σ∗)

(4)
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FIGURE 3. Fleet-wide technical efficiency (TE) across three operational
epochs.

where 8(·) is the cumulative distribution function of the
standard normal distribution, and the parameters µ∗ and σ ∗

represent the mean and standard deviation of the conditional
distribution ui,t|εi,t, respectively:

µ∗ = −εi,t
σ 2
u

σ 2 andσ
2
∗ =

σ 2
u σ 2

v

σ 2 (5)

With σ 2
= σ 2

+σ 2. Under the composite error convention
εi,t = vi,t - ui,t, a mechanical fault increases u > 0, which
drives ε < 0 and therefore µ∗ > 0, shifting the condi-
tional distribution of u|ε toward larger inefficiency values and
suppressing TEi,t toward zero. This sign behaviour confirms
that the estimator correctly maps PTO degradation into low
efficiency scores.

To quantify the physical energy loss, the estimated fron-
tier is back-transformed into the original linear space (kW).
The expected instantaneous generation is defined as ŶkW =

exp(β0 + β1 ln WPF). The absolute generation deficit
attributable to mechanical waste is simply the difference
between this theoretical optimum and the actual output.

A relative anomaly flag (Condition B) is triggered when
an asset’s instantaneous efficiency falls significantly below
the empirical farm frontier, mathematically isolating internal
mechanical waste:

TE i,t< 0.60 (6)

Rather than being a statistically tuned hyperparameter, this
threshold is adopted strictly as an operational choice for this
case study, not an economically validated figure. It represents
an assumed boundary of acceptable relative efficiency loss
(e.g., ≥ 40% structural inefficiency) that would warrant an
offshore dispatch, comfortably exceeding the natural variance
of symmetric environmental noise (σv). By requiring the effi-
ciency to collapse below this strict boundary, the framework

ensures that minor sensor jitter or localized wave micro-noise
is not misclassified as a mechanical fault.

(Note: While macroscopic degradation tracking employs
a 7-day rolling mean for visualization, as illustrated in
Fig. 3, the deterministic decision engine evaluates Condition
B on the instantaneous high-frequency TE,i,t to preserve
diagnostic granularity).

C. PHASE 3: THE MERGE (DECISION ENGINE)
Phase 3 constitutes the final diagnostic stage, intersecting the
absolute predictive capabilities of the data-driven baseline
(Phase 1) with the relative Production Possibility Frontier
(Phase 2). For each instantaneous observation, a deterministic
logic gate evaluates Conditions A and B to classify the asset
into one of four operational states.

Notably, the absolute error threshold multiplier
(Condition A) is deliberately rendered more sensitive, shift-
ing to−1.0×RMSEtrain in this integrated phase, compared to
the highly conservative −3.0 factor utilized in the standalone
Phase 1. This design choice is architecturally motivated.
In isolation, the XGBoost baseline is entirely blind to com-
plex multi-directional sea states and spectral spreading.
Without a secondary filter, a standalone Phase 1 must enforce
an extreme −3σ threshold to artificially suppress the mas-
sive wave of environmental false positives that naturally
occur during confused seas. However, within the integrated
decision engine, the relative SFA boundary (Condition B)
assumes this suppression role, functioning as a statistically
grounded safeguard against fleet-wide environmental noise.
This orthogonal separation of responsibilities allows Condi-
tion A to operate with increased absolute sensitivity (−1σ ),
capturing subtler mechanical generation deficits at a much
earlier stage without inflating the false-positive rate.

• State 0 (Nominal): Both conditions FALSE. The WEC
operates within its expected historical and relative
margins.

• State 1 (Environmental False Positive): Condition A
TRUE, Condition B FALSE. The asset underperforms
its absolute historical baseline due to sub-optimal meto-
cean factors, but maintains its relative position on the
SFA farm frontier. The algorithm safely overrides the
absolute alarm, classifying it as shared environmental
noise.

• State 2 (Relative Efficiency Anomaly): Condition A
FALSE, Condition B TRUE. The asset begins to deviate
from its peers on the SFA frontier, indicating a relative
performance drop, but the absolute deficit has not yet
breached the relaxed −1.0 × RMSEtrain threshold.

• State 3 (Critical Fault): Both conditions TRUE. The
asset falls below both its historical baseline and the
instantaneous farm frontier, confirming an isolated
mechanical PTO anomaly and triggering an immediate
maintenance alarm.

By accumulating the total temporal duration of State 3 clas-
sifications across the operational epoch, the decision engine
provides a filtered prioritization metric for O&M vessel
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dispatch. Because the synthetic dataset provides a known
ground truth of asset health, the Phase 3 diagnostic perfor-
mance can be quantitatively assessed. An asset is flagged
for physical dispatch if its accumulated State 3 duration
strictly exceeds a predefined persistence threshold (τ ). The
system’s robustness is evaluated using standard classification
metrics (Precision, Recall, and F1-Score) adapted for oper-
ational time. True Positives (TP) represent hours of correct
maintenance alarms, False Positives (FP) represent healthy
hours erroneously flagged, and False Negatives (FN) quantify
missed degradation. This temporal framing directly aligns
statistical performance with real-world O&M costs.

V. RESULTS AND DISCUSSION
The proposed three-phase architecture was executed and
evaluated against the semi-empirical offshore conditions.
To explicitly quantify the advantages of the proposed frame-
work against traditionalmethods, the architecture is evaluated
incrementally: Phase 1 acts as Baseline 1 (a purely absolute
classification model) and Phase 2 acts as Baseline 2 (a purely
relative classification model), culminating in Phase 3 as an
integrated hybrid solution that establishes a reliable diagnos-
tic baseline while rejecting environmental false positives.

A. PHASE 1: ABSOLUTE PERFORMANCE BASELINE
The XGBoost regressor was trained exclusively on the
strictly isolated Golden Window partition (18,211 samples),
which corresponds to the Epoch 1 operational window
where all assets operate in a confirmed fault-free state. The
model achieved strong in-sample convergence, capturing the
complex, non-linear dynamics of wave energy conversion.
As detailed in Table 1, the in-sample (Epoch 1) Root Mean
Squared Error (RMSE) was restricted to 5.733 kW, achieving
an R2 of 0.9038.

TABLE 1. Phase 1 predictive metrics: Baseline calibration vs.
out-of-sample inference.

Feature importance analysis (illustrated in Fig. 4A)
revealed that the engineered Wave Power Flux (WPF)
remained the primary predictive driver, accounting for
13.39% of the model’s decision criteria. However, unlike
idealized theoretical settings where a single WPF vector
dominates entirely, the complex hydrodynamics of real-world
ocean telemetry forced the algorithm to utilize a much
broader distribution of spectral descriptors. Consequently,
variables such as the Number of Waves (10.14%), Mean
Wave Height (Havg at 10.08%), and Significant Wave Height

FIGURE 4. Phase 1 absolute analysis and XGBoost predictive outcomes.

(Hs at 8.70%) were heavily leveraged. This confirms that
relying solely on simplified deep-water approximations is
insufficient for accurate data-driven WEC monitoring in
highly volatile seas.

During the out-of-sample inference phase, the absolute
anomaly boundary was dynamically enforced at −3.0 ×

RMSEtrain. To explicitly evaluate the model’s fault isolation
capacity, Table 1 details the performance metrics extracted
during the Epoch 3 testing window. The healthy fleet
(Buoys 1–8) maintained a positive R2 of 0.3130, proving
the model’s capacity to establish a functional baseline with-
out collapsing under out-of-sample sea states. Conversely,
the algorithm correctly captured the structural failure of
Buoys 9–12. This is corroborated by the absolute anomaly
rate density isolating the degraded assets (Fig. 4B), and
the probabilistic forecast showcasing the expected baseline
boundary versus the actual generation collapse (Fig. 4C),
where the Epoch 3 R2 degraded massively to−26.5745 (with
the RMSE surging to 116.41 kW). This strongly negative
coefficient confirms that the functional relationship between
incident hydrodynamics and electrical output was severely
disrupted by the PTO fault.

B. PHASE 2: STOCHASTIC FRONTIER ANALYSIS (SFA)\
While Phase 1 captured the absolute errors, Phase 2 suc-
cessfully decomposed these residuals to isolate mechanical
wear. The Maximum Likelihood Estimation (MLE) con-
verged successfully during the Epoch 1 calibration (NLL =

−26390.25), yielding an output elasticity (β1) of +0.0440.
The structural variance parameters demonstrated a clear

separation of noise, with the noise variance (σ 2v ) minimized
to 0.0076, while the inefficiency variance reached σ 2u =

0.0117. The derived signal-to-noise ratio λ = σu / σv ≈

1.24 and variance ratio γ = σ 2u / σ 2
≈ 0.605 confirm that

60.5% of the composite residual variance stems from inherent
mechanical and thermodynamic system losses, establishing
a baseline distinct from symmetric environmental noise.
While idealized synthetic environments might force this
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ratio closer to 100%, a 60.5% ratio directly reflects the
inherent sensor jitter and metocean volatility of real-world
telemetry. Crucially, this statistical separation indicates the
model’s capacity to decouple a robust inefficiency sig-
nal (u) from benign sea-state fluctuations, aiding the isolation
of subsequent mechanical degradation (Fig. 5). Empirical
data introduces realistic complexities into these distribu-
tions. The healthy fleet’s composite residual (ε) distribution
(blue) is slightly offset into the negative domain, reflect-
ing the physical reality that structurally healthy WECs in
harsh environments exhibit minor baseline inefficiencies rel-
ative to the absolute mathematical frontier. Conversely, the
degraded fleet’s distribution (red) shifts deeper into the neg-
ative domain with a visible leftward skew, confirming the
severe energy penalty.

Furthermore, the decomposed components (Fig. 5, right
panel) highlight the architecture’s empirical robustness.
While the environmental noise v (represented by Buoy 1)
exhibits slight asymmetry, an expected empirical devia-
tion from the strict theoretical Gaussian assumption when
processing real-world sea states, this does not disrupt the
decomposition. In stark contrast, the extracted technical inef-
ficiency u (represented by Buoy 9) isolates in the positive
domain with a one-sided, non-normal distribution, mathe-
matically confirming the precise extraction of localized PTO
degradation.

To comprehensively visualize the SFA mechanics, a triple
frontier scatter analysis compares the fleet’s response to
environmental versus mechanical faults (Fig. 6). Panel A
illustrates the full population distribution: during Epoch 2
(left), the entire fleet shifts uniformly downward due to
spectral spreading, whereas in Epoch 3 (right), the degraded
cluster (red) detaches massively from the healthy base-
line (blue), which remains tightly bounded by the ± 1σv
stochastic noise band. Panel B isolates a single instantaneous
common timestamp across all 12 assets to eliminate temporal
variance. Under identical incident spectra, Epoch 2 exhibits
a uniform generation deficit across the array. Conversely, the
Epoch 3 snapshot reveals severe generation deficits directly
tied to the mechanical state of Buoys 9 through 12. Finally,
Panel C collapses each epoch into mean operating cen-
troids per buoy, visually separating a systemic environmental
penalty from a localized structural collapse.

In Epoch 3, the fault isolation capabilities of the Cobb-
Douglas frontier were clearly demonstrated. Table 2 sum-
marizes the asset criticality ranking derived from the
back-transformed frontier distances. The SFA mathemat-
ically detached the degraded cluster, attributing massive
mean generation deficits exceeding 123 kW per observation.
Consequently, the Technical Efficiency (TE) for these assets
collapsed to an average of ≈ 45%, falling far below the
healthy fleet’s nominal mean of ≈ 90%.

C. PHASE 3: DETERMINISTIC DECISION ENGINE
The integration of absolute residuals and relative SFA effi-
ciency scores in the Phase 3 decision matrix provided the

FIGURE 5. SFA residual decomposition in Epoch 3.

TABLE 2. Phase 2 SFA asset criticality ranking (epoch 3).

definitive O&M dispatch recommendation. To explicitly
quantify the advantages of this proposed architecture, the
integrated decision engine must be evaluated against its
standalone components. If utilized in isolation, the absolute
baseline would have successfully captured the vast majority
of the mechanical faults. However, its fundamental blindness
to fleet-wide spectral spreading would have triggered a total
of 32,287 anomaly flags across the timeline (Condition A =

TRUE). A detailed breakdown reveals that 27,259 of these
were pure environmental False Positives (5,531 in Epoch 1;
17,225 in Epoch 2; and 4,503 on the healthy Epoch 3 cluster).

Conversely, relying exclusively on Phase 2 SFA introduces
a structural vulnerability: lacking a historical generation
anchor, a purely relative benchmark might erroneously assign
nominal efficiency scores if systemic degradation suppresses
the entire fleet’s output simultaneously.

Integrating both models resolves these vulnerabilities. The
hybrid intersection suppressed 99.7% of Phase 1’s mete-
orological noise, collapsing environmental False Positives
from 27,259 to 73 timestamps (36.5 hours). While this
dual-condition is conservative, generating 304.5 hours of
False Negatives by misclassifying premature degradation
during calm seas, this trade-off is operationally vital to pre-
vent costly false vessel deployments. Despite this filtering,
the degraded cluster still accumulated massive, easily iden-
tifiable fault durations (e.g., Buoy 9 recorded 582.0 critical
hours), as visually confirmed in Fig. 7.

To transparently evaluate the continuous diagnostic per-
formance of the architecture, classification metrics were
computed at the resolution of operational hours rather than
simple asset counts, as detailed in Table 3.

The system correctly flagged 2,285.5 hours of true
mechanical degradation (True Positives). The 304.5 hours
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FIGURE 6. SFA triple frontier scatter comparing a fleet-wide environmental penalty (Epoch 2) with localized PTO faults (Epoch 3).

TABLE 3. Phase 3 diagnostic classification metrics (operational hours).

of False Negatives represent a highly realistic operational
phenomenon: during marginal degradation, incident wave
energy is occasionally too low for the mechanical deficit
to statistically overcome baseline environmental noise, caus-
ing intermittent algorithmic hesitation. The high diagnostic
scores reflect the macroscopic nature of the injected PTO
faults. While early-stage micro-anomalies might yield lower
separability, the framework’s primary objective, rejecting
fleet-wide environmental false alarms during severe states,
was robustly evaluated. Conversely, False Positives were
reduced to a mere 36.5 hours out of over 30,356 healthy

operational hours, yielding a highly robust hour-level
Precision of 98.4% and an F1-Score of 0.93.

To systematically filter the residual 1.6% false-positive
rate, the decision engine requires an a priori temporal per-
sistence threshold of τ = 48 accumulated (non-consecutive)
State 3 hours before authorizing dispatch. Much like the
relative efficiency limit, this was established strictly as an
operational choice for this case study, not an economically
validated figure. Representing two full days of critical fault
telemetry, this cumulative approach ensures that actual degra-
dation is not ignored due to intermittent fault visibility in calm
seas. It must be explicitly noted that this 48-hour limit, the
TE boundary and selected RMSE multipliers are operational
assumptions for this proof-of-concept. They require rigor-
ous calibration against actual operational and economic data
in future real-world deployments. Applying this threshold
yielded 100% asset-level dispatch accuracy: it successfully
isolated all 4 degraded assets without triggering a single
false deployment across the 8 healthy buoys. As the heatmap
illustrates (Fig. 7, right panel), the persistent State 3 clas-
sification correctly isolates the structurally degraded assets
(Buoys 9–12), supporting the architecture’s potential viability
for automated, high-precision offshore O&M dispatch.

FIGURE 7. Phase 3 decision matrix heatmaps.
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VI. CONCLUSION
Minimizing O&M expenditures is a critical prerequisite for
the commercialization of Wave Energy Converters. This
study introduced a simulation-based proof of concept propos-
ing a three-phase data-driven methodology to address the
challenge of environmental false alarms in offshore condi-
tion monitoring. By combining the predictive accuracy of an
XGBoost regressor baseline with the relative econometrics of
Stochastic Frontier Analysis (SFA), the proposed architecture
aims to decouple mechanical PTO degradation from natural
metocean variability.

The experimental results on a semi-empirical dataset,
anchored in real offshore telemetry, demonstrated the
system’s robustness. The XGBoost model successfully
mapped the baseline hydrodynamics (R2

= 0.9038), while
the SFA effectively decomposed the prediction residuals.
Crucially, the integrated decision engine successfully sup-
pressed 27,259 environmental false positives caused by
highly volatile sea states. The final deterministic framework
successfully pinpointed the degraded cluster, identifying
severe generation deficits (≈ 124 kW) and triggering mainte-
nance dispatches with high temporal precision: accumulating
over 560 hours of correct critical fault flags for each degraded
asset, compared to a mere 36.5 hours of transient statistical
noise across the entire healthy fleet.

Future work will focus on validating this architecture
against a fully empirical dataset containing documented
real-world mechanical PTO failures. While the lightweight
computational overhead of XGBoost and SFA inference high-
lights the framework’s potential for continuous 30-minute
evaluation on cloud infrastructures, the current methodology
serves strictly as a semi-empirical proof of concept. Bridging
the final gap to industrial deployment remains contingent
on extensive validation against verified, physical fault data.
Furthermore, if future arrays operate at power satura-
tion, substituting Cobb-Douglas with a Translog frontier
natively models horizontal curtailment. Additionally, inte-
grating multi-modal telemetry (e.g., internal PTO pressures
and hydraulic temperatures) into the Phase 1 feature space
could further refine the latency of fault detection, accelerat-
ing the path towards fully autonomous offshore renewable
energy management. To promote reproducibility within the
marine energy sector, the complete codebase, data-processing
scripts, and generated datasets used in this study are publicly
available at: https://github.com/ENERTEF/Performance-
Evaluation-of-Energy-Forecasts-Service
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