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Abstract. Accurate estimates of extreme wave heights are essential for the
design and operation of coastal and offshore infrastructure. Although long-
term wave hindcasts provide valuable spatial and temporal coverage, system-
atic biases can affect their reliability, particularly in nearshore environments.
This study presents a bias-correction framework for significant wave height (Hs)
from the Norwegian reanalysis (NORA3) using wave-buoy observations from
Fauskane, Fedjeosen, and Vestfjorden along the Norwegian coast. Multiple statis-
tical and machine-learning correction methods were combined using a Mixture-
of-Experts (MoE) approach, in which an XGBoost-based gating model assigned
input-dependent weights to each correction method. The combined MoE model
was subsequently applied to three selected Norwegian cities (i.e., Kristiansund,
Bergen, and Stavanger) to investigate the influence of bias correction on extreme-
wave return level estimates. Results showed that NORA3 biases varied across
locations, highlighting the need for site-specific correction. Local calibration con-
sistently improved hindcast accuracy, with the largest improvement observed at
Fedjeosen, where the MoE approach reduced the root mean square error by 26.6%.
In cross-location transfer, the MoE model trained at Fedjeosen reduced the upper-
tail root mean square error at Fauskane by 29.2%. The corrected wave series also
affected extreme-value estimates, changing 50-year return levels by up to 0.57
m. These findings demonstrate the potential of data-driven bias correction to
improve hindcast-based assessments of extreme wave conditions.

1 Introduction
Reliable prediction of coastal wave conditions is fundamental to the design and operation of ma-
rine infrastructure. The significant wave height (Hs) is a key statistical parameter for the char-
acterization of wave heights and can be used to assess structural loads, operational safety, and
extreme-wave hazards for offshore structures including breakwaters and aquaculture facilities
[1]. As coastal developments expand into increasingly energetic environments, the demand for
accurate long-term wave information has become increasingly important for engineering design
and risk assessment. Along the Norwegian coast, the combination of complex bathymetry, irreg-
ular coastlines, and highly variable exposure produces spatially heterogeneous wave conditions
that are difficult to represent accurately through numerical simulation models[2]. Consequently,



improving the accuracy of coastal wave predictions is critical for supporting reliable engineering
design and operational decision-making.

Long-term wave hindcast datasets have become a valuable source of information for coastal
and offshore engineering by providing continuous spatial and temporal wave records over ex-
tended periods. Among these, the Norwegian reanalysis (NORA3) offers high-resolution wave
hindcasts for the Norwegian, North and Barents Seas at a spatial resolution of 3 km, making it
well suited for the assessment of wave climate, the design of coastal infrastructure, and extreme-
value analysis (EVA) [3]. Despite these advantages, hindcast products may exhibit systematic
discrepancies relative to local observations, particularly in nearshore environments where local-
scale processes that influence wave evolution cannot be fully resolved. These discrepancies can
bias wave statistics and, consequently, affect estimates of design wave conditions and extreme
return levels [4]. Therefore, improving agreement between hindcast data and buoy observations
is essential to enhance the reliability of coastal wave predictions and support robust engineering
applications.

To reduce these systematic discrepancies, researchers have developed a wide range of statis-
tical methods (SM) and machine-learning (ML) approaches to correct bias in wave hindcasts.
Here, bias refers to a systematic difference between hindcast estimates and corresponding buoy
observations. Conventional SM modify model outputs to align their statistical characteristics
with observational data and have been widely adopted for their simplicity and computational ef-
ficiency [5]. More recently, ML approaches have demonstrated considerable potential to capture
complex nonlinear relationships between hindcast data and observations, offering greater flexi-
bility in modeling systematic errors [6]. Despite these advances, the performance of individual
bias correction (BC) methods remains dependent on factors such as local wave characteristics,
data availability, and model complexity. Consequently, no single approach consistently performs
best across different coastal environments and wave conditions, highlighting the need for more
robust and flexible bias correction frameworks.

Despite progress with both SM and ML approaches, several challenges remain. Existing
studies have focused primarily on improving prediction accuracy using individual bias-correction
methods, while comparatively little attention has been paid to frameworks that integrate multi-
ple correction models to exploit their complementary strengths. Furthermore, the transferability
of bias correction models between coastal locations has received limited investigation, despite
its importance for extending corrections to regions where observational data are unavailable.
In addition, the influence of bias correction on extreme-wave return-level estimation has not
been comprehensively assessed, even though these estimates underpin the design and safety
assessment of coastal and offshore infrastructure. Addressing these challenges requires a ro-
bust bias-correction framework that not only improves hindcast accuracy but also enhances the
reliability of engineering-relevant extreme-wave characterization.

To address these challenges, this study develops a Mixture-of-Experts (MoE)-based frame-
work to correct biases in significant wave height from NORA3 using in-situ buoy observations.
The proposed framework combines multiple BC models through a data-driven weighting strategy
to improve forecast accuracy under varying wave conditions. Its performance is evaluated for
both local bias correction and cross-location transferability using observations from Norwegian
coastal wave buoys. Furthermore, the corrected hindcast datasets are used to investigate the
influence of bias correction on extreme-wave return level estimation through EVA. The main con-
tributions of this study are: (i) the development of a Mixture-of-Experts framework for NORA3
wave hindcast bias correction, (ii) a systematic evaluation of local and cross-location model
performance, and (iii) an assessment of the impact of bias correction on engineering-relevant
extreme-wave return levels.



2 Methodology
2.1 Study area and datasets
This paper focuses on the Norwegian coast, a region characterized by complex coastal morphol-
ogy and highly variable wave conditions (Figure 1). The primary numerical dataset used in
this study was NORA3, a high-resolution regional wave hindcast with a spatial resolution of
approximately 3 km, covering the Norwegian, North, and Barents Seas [3]. NORA3 provides
continuous long-term wave information and was used as the baseline dataset for bias correction
and subsequent extreme-wave analysis [7]. To develop and evaluate the bias correction models,
significant wave height (Hs) data from NORA3 were paired with quality-controlled in-situ ob-
servations obtained from the Norwegian Meteorological Institute’s MOTUS wave-buoy network
[8] over overlapping time periods. As shown in Figure 1, Fauskane and Fedjeosen were desig-
nated as the core buoys and used for model development, calibration, and cross-location transfer
assessment. Vestfjorden was excluded from model training and calibration and served as an ex-
ternal validation buoy to independently evaluate the spatial transferability and generalization
capability of the proposed framework. The trained models were subsequently applied to three
additional study-area locations, namely Kristiansund, Bergen, and Stavanger, to investigate the
influence of bias correction on engineering-relevant extreme-wave return-level estimates through
EVA.

Figure 1. Study area showing the locations of the wave buoy stations used in this study.



2.2 Bias correction framework
Figure 2 illustrates the overall framework of the proposed methodology. The workflow begins
by preparing paired NORA3 hindcast and wave buoy observations through preprocessing and
temporal alignment. These paired datasets are then used to develop and evaluate multiple
bias-correction models for Hs. The corrected predictions from the individual models are then
integrated into a MoE framework, where a gating network adaptively combines the outputs to
produce a single bias-corrected estimate. Finally, the corrected hindcast series are evaluated
against buoy observations using statistical performance metrics and are applied to EVA to
quantify the influence of bias correction on return-level estimation and associated uncertainties.

Figure 2. Workflow of the methodology employed in this study.

2.3 Statistical bias correction
Statistical bias correction methods aim to reduce systematic differences between hindcast simu-
lations and buoy observations by establishing statistical relationships between the two datasets.
Unlike machine-learning approaches, these methods rely mainly on predefined mathematical
relationships or distribution-based transformations to adjust the hindcast data. This study im-
plemented three SM: Linear Regression (LR), Parametric Quantile Mapping (PQM) , and the
Directional Adjusted Gumbel Quantile Mapping (DAGQM) [9]. These methods range from a
simple regression-based correction to distribution-based approaches designed to correct biases
across the wave-height distribution.

LR provides a baseline correction by fitting a linear relationship between NORA3 hindcast
and observed Hs [9]. Although computationally efficient and easy to interpret, it has limited
ability to represent complex or nonlinear bias patterns.

Distribution-based approaches were adopted to correct biases that vary across different quan-
tiles of the wave-height distribution [5]. PQM adjusts the cumulative distribution of the hindcast
data to match that of the observations by fitting theoretical probability distributions to both
datasets [9]. Building upon this principle, DAGQM incorporates wave-direction information
into the correction process, allowing the statistical transformation to account for directional
variations in wave characteristics [9]. This directional adjustment is intended to improve bias
correction under varying wave climates, particularly for extreme wave conditions where direc-
tional effects become more pronounced.



2.4 Machine learning-based bias correction
ML approaches formulate bias correction as a supervised learning problem by learning the rela-
tionship between hindcast variables and buoy observations directly from data [6, 10]. Compared
with conventional SM, these approaches can capture complex nonlinear relationships and inter-
actions among predictors without relying on predefined functional relationships. In this study,
three ML models, Gaussian process regression (GPR) [11], Extreme gradient boosting (XG-
Boost) [12], and Transformer [13], were implemented to investigate their ability to improve the
correction of Hs under varying wave conditions.

GPR is a probabilistic machine-learning approach based on a Bayesian non-parametric frame-
work for modelling nonlinear relationships while providing predictive uncertainty [11, 14]. Its
flexible kernel formulation enables it to capture smooth and complex patterns that may not be
adequately represented by simple linear models. In this study, GPR was applied to model the
nonlinear relationship between hindcast and observed wave heights and to correct systematic
biases in the hindcast data.

XGBoost is an ensemble learning algorithm based on gradient-boosted decision trees that
constructs a sequence of weak learners to minimize prediction error [12]. Its ability to model
nonlinear relationships, feature interactions, and heterogeneous data makes it well suited for bias
correction of wave hindcasts. In this study, the model was trained on paired NORA3 hindcast
and buoy observations, along with relevant meteorological and oceanographic predictors, to
estimate the corrected Hs. Regularization and optimized hyperparameters were used to improve
model generalization and reduce overfitting.

The Transformer model was adopted to exploit its ability to learn long-range dependencies in
sequential data through a self-attention mechanism [13]. Unlike recurrent neural networks, the
Transformer processes the entire input sequence simultaneously, enabling efficient modelling of
temporal relationships in wave conditions. To improve the representation of extreme events, the
Transformer was implemented using a tail-aware residual learning strategy, in which the model
predicts the residual correction relative to a baseline estimate while giving increased emphasis
to the upper tail of the wave-height distribution. This approach enhances the model’s ability
to represent rare, high-impact wave conditions that are particularly important for engineering
applications and EVA.

2.5 Mixture-of-experts framework
Individual bias correction (BC) methods have different strengths under varying wave conditions.
Statistical methods generally provide robust corrections for systematic biases, whereas machine-
learning models can capture more complex nonlinear relationships. The proposed Mixture-
of-Experts (MoE) framework therefore combines six BC methods, namely LR, GPR, PQM,
DAGQM, XGBoost, and Transformer, to exploit their complementary capabilities [15, 16].

Each pre-trained BC method acts as an expert and independently produces a corrected esti-
mate of Hs. These predictions, together with NORA3 sea-state variables and features describing
the agreement and spread among the experts, are provided to an XGBoost-based gating model.
For each sample, the gate assigns non-negative, normalized weights according to the prevailing
wave conditions and the relative performance of the experts [17, 18]. The final MoE-corrected
Hs is calculated as the weighted sum of the six expert predictions. Unlike a fixed ensemble
average, the assigned weights vary between samples, allowing the framework to adapt to both
general and high-wave conditions. A tail-aware adjustment is applied above the Q95 and Q99

thresholds to increase the contribution of experts that perform more effectively under high-wave
conditions. A more detailed description of the framework is provided by Reed [19]. The resulting
corrected Hs series was subsequently used for performance evaluation and EVA.



2.6 Experimental design
The proposed framework was evaluated using paired NORA3 hindcast and MOTUS wave buoy
observations from three locations along the Norwegian coast. Fauskane and Fedjeosen were se-
lected as the primary training sites for developing the BC models, while Vestfjorden was reserved
for independent validation to assess the framework’s transferability. To investigate model gen-
eralization, both local and cross-location correction experiments were performed. In the local
experiments, models were trained and evaluated using data from the same buoy location. In
the cross-location experiments, models trained at one location were applied to another location
without retraining, thereby assessing their capability to transfer bias correction between coastal
sites with different wave characteristics.

Model performance was evaluated by comparing the corrected Hs against buoy observa-
tions using Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Bias Error
(MBE), and the coefficient of determination (R2). Because the primary objective of the study
is to improve the representation of extreme wave conditions, additional upper-tail diagnostics,
including quantile-based error statistics and exceedance rate bias (ERB), were used to evaluate
model performance during high-wave events.

To assess the practical implications of bias correction for coastal engineering applications,
the corrected hindcast datasets were subsequently used in EVA. Annual maxima of significant
wave height were extracted and fitted using the Generalized Extreme Value (GEV) distribution,
whose cumulative distribution function is given by

G(z) = exp
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where µ, σ > 0, and ξ represent the location, scale, and shape parameters, respectively,
subject to 1 + ξ(z − µ)/σ > 0 [20]. The shape parameter determines the upper-tail behaviour
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with the Gumbel limit applied as ξ approaches zero. Return levels derived from the BC
datasets were compared with those obtained from the original NORA3 hindcast. This com-
parison enabled the influence of bias correction on long-term extreme-wave estimates and their
associated uncertainty to be quantified.

3 Results and discussion
3.1 Assessment of the raw Hs from NORA3 bias
NORA3 hindcast was evaluated against MOTUS buoy observations to characterize systematic
errors in Hs before applying bias correction. As shown in Figure 3, quantile-based analysis
showed that prediction errors increased toward higher wave-height percentiles at all sites, in-
dicating reduced hindcast accuracy during extreme wave conditions. This reduced accuracy
under extreme wave conditions profoundly affects the determination of design waves for sur-
vivability studies based on numerical hindcasts. Enhancing model precision is therefore critical
to improving the reliability of wave inputs and subsequent structural resistance assessment.
Fedjeosen exhibited the largest overall error, followed by Fauskane, while Vestfjorden showed
comparatively smaller errors despite increasing RMSE in the upper tail.



Figure 3. RMSE of raw NORA3 Hs across different quantiles at the buoy locations during the
overlapping period.

Figure 4. Comparison of Hs distributions from buoy observations and NORA3 during the
overlapping periods at (a) Fauskane (2018–2019 and 2020–2021), (b) Fedjeosen (2023–2025),
and (c) Vestfjorden (2022–2024).

The bias characteristics were strongly site-dependent. As illustrated in Figure 4, NORA3
consistently underestimated wave heights at Fauskane and Fedjeosen, with the underestimation
becoming more pronounced for larger waves, whereas Vestfjorden exhibited a weak positive
bias. The increasing underestimation at Fauskane and Fedjeosen may reflect limitations in
representing storm winds and the resulting wave growth. The contrasting behavior at Vestfjorden
is likely associated with its more sheltered fjord environment and lower wave-energy conditions



compared with the two exposed coastal sites. In this environment, incomplete representation of
sheltering by islands and headlands may allow excessive wave energy to reach the model location,
potentially contributing to the positive bias. The approximately 3 km model grid may also limit
the representation of local bathymetry and its influence on wave propagation. However, further
analysis is needed to confirm the contribution of these processes to the observed biases. These
findings indicate that the NORA3 hindcast does not exhibit a uniform bias across the study
area. The spatial variability and increasing upper-tail errors therefore highlight the need for
site-specific bias correction to better represent extreme wave conditions before EVA.

3.2 Performance of bias correction methods
The performance of the SM and ML bias correction methods was evaluated under both local and
cross-location validation using RMSE across the full distribution and the upper quantiles (q95
and q99). Overall, all methods improved the raw NORA3 hindcast to varying degrees, with the
greatest improvements observed at Fedjeosen, where the initial bias was strongest (Figure 5).

Figure 5. RMSE-based evaluation of local bias-correction methods at Fauskane and Fedjeosen,
compared with raw NORA3 across the overall Hs distribution and selected upper quantiles.

Under local validation, XGBoost consistently performed best among the ML methods, while
DAGQM was the strongest SM approach. As summarized in Table 1, XGBoost reduced the
overall RMSE by 6.4% and the q99 RMSE by 16.4% at Fauskane. Larger improvements were
obtained at Fedjeosen, where the overall and q99 RMSE decreased by 27.5% and 31.2%, respec-
tively (Table 1). These results indicate that locally trained models effectively capture site-specific
bias, particularly for extreme wave conditions.

Table 1. RMSE-based assessment of local BC performance for the overall distribution and
upper tail.

Location Method RMSE ∆RMSE RMSE q95 ∆q95 RMSE q99 ∆q99

Fauskane Best SM 0.370 -1.2% 0.734 -4.8% 0.938 -8.6%
Fauskane Best ML 0.350 -6.4% 0.655 -15.0% 0.858 -16.4%

Fedjeosen Best SM 0.355 -20.6% 0.792 -23.6% 0.902 -21.4%
Fedjeosen Best ML 0.324 -27.5% 0.745 -28.1% 0.790 -31.2%



Cross-location validation produced more variable results (Figure 6). Models transferred be-
tween Fauskane and Fedjeosen generally improved upper-tail accuracy but were less consistent
across the full distribution. The best transfer performance was obtained from Fauskane to
Fedjeosen, where XGBoost reduced the overall RMSE by 9.8% and the q99 RMSE by 11.2%
(Table 2). In contrast, correction models applied to Vestfjorden failed to improve the hind-
cast, reflecting the site’s distinct wave climate and bias characteristics. These findings suggest
that transferable bias correction is feasible between locations with similar wave conditions but
becomes less reliable when environmental characteristics differ substantially.

Figure 6. RMSE-based evaluation of cross-location bias-correction methods transferred be-
tween Fauskane and Fedjeosen, compared with raw Hs from NORA3 for overall performance
and at selected upper quantiles.

Table 2. Cross-location BC performance relative to raw Hs from NORA3. The source site
provides the data used to calibrate the BC model, whereas the target site indicates where the
transferred model is assessed. The best SM and ML methods are selected based on the lowest
transferred q99 RMSE.

Target Source Method RMSE ∆RMSE
RMSE

q95 ∆q95
RMSE

q99 ∆q99

Fauskane Fedjeosen Best SM 0.438 +17.1% 0.688 -10.8% 0.757 -26.2%
Fauskane Fedjeosen Best ML 0.505 +35.0% 0.725 -6.0% 0.728 -29.1%

Fedjeosen Fauskane Best SM 0.421 -5.8% 0.936 -9.7% 1.060 -7.7%
Fedjeosen Fauskane Best ML 0.403 -9.8% 0.902 -13.0% 1.019 -11.2%

3.3 Mixture-of-experts performance
The MoE framework was evaluated using the same RMSE and ERB metrics as the individual
bias-correction methods. As shown in Figure 7, the local MoE consistently improved the raw
NORA3 hindcast at both core buoy locations. At Fauskane, the local MoE reduced the overall
RMSE by 8.0%, while the corresponding reduction at Fedjeosen reached 26.6%, confirming that
adaptive combinations of multiple correction models can effectively reduce site-specific bias.



The transferred MoE produced more variable results. Transfer between Fauskane and Fed-
jeosen generally improved upper-tail accuracy but was less consistent across the full distribu-
tion. In the combined-transfer configuration, the MoE integrates information from both core
buoy sites, Fauskane and Fedjeosen, to predict Hs at Vestfjorden. This configuration evaluates
whether combining information from multiple source sites improves transfer performance at a
target site without local calibration data. However, the combined-transfer configuration did
not improve accuracy at Vestfjorden. These results indicate that the effectiveness of the MoE
depends on the similarity between the source and target locations, with transfer becoming less
reliable for sites exhibiting different wave climates and bias characteristics.

Figure 7. Relative change in RMSE for local, single-source transfer, and combined-transfer
MoE configurations with respect to raw NORA3 Hs.

The transferred MoE produced more variable results. Transfer between Fauskane and Fed-
jeosen generally improved upper-tail accuracy but was less consistent across the full distribu-
tion. In the combined-transfer configuration, the MoE integrates information from both core
buoy sites, Fauskane and Fedjeosen, to predict Hs at Vestfjorden. This configuration evaluates
whether combining information from multiple source sites improves transfer performance at a
target site without local calibration data. However, the combined-transfer configuration did
not improve accuracy at Vestfjorden. These results indicate that the effectiveness of the MoE
depends on the similarity between the source and target locations, with transfer becoming less
reliable for sites exhibiting different wave climates and bias characteristics.

ERB analysis (Figure 8) further showed that the local MoE substantially improved the rep-
resentation of high-wave exceedance frequencies, making it well suited for subsequent extreme
value analysis. Examination of the expert weights (Figure 9) revealed that the gating network as-
signed relatively balanced weights under moderate conditions, while increasing the contribution
of XGBoost and Transformer during high-wave events. Rather than consistently outperforming
every individual model, the MoE provided a robust and adaptive correction across a range of sea
states, supporting its selection for the extreme value analysis presented in the following section.



Figure 8. ERB-based assessment of the MoE configurations at the q95 and q99 exceedance
levels of observed Hs.

Figure 9. Expert weights for the local MoE at Fauskane across the NORA3 Hs percentile bins.
The dashed line represents equal weighting among the six experts.

3.4 Impact on extreme value analysis
The GEV model fitted to annual maxima was used for the main return-level comparison. This
approach was considered appropriate for consistently comparing the NORA3 and MoE-corrected
Hs datasets. Further details on the selection and evaluation of the EVA approach are provided
in the Reed [19]. For Fauskane and Fedjeosen, the locally trained MoE models were used for
the EVA, while the combined-transfer MoE model was used for Kristiansund as a representative
study-area location. Results for the other study-area locations are provided in the Reed [19].
As shown in Figure 10, the corrected datasets generally produced higher GEV return-level
curves than the raw NORA3 hindcast, indicating that bias correction increased the estimated
extreme significant wave heights. The largest increase was observed at Fauskane, while Fedjeosen
exhibited a more moderate change despite its larger validation-period bias. This suggests that
improvements in bias correction do not necessarily translate directly into proportional changes



in return-level estimates.

Figure 10. GEV-based return levels for raw NORA3 and MoE-corrected Hs at the selected
locations, shaded areas denoting the 95% confidence intervals.

The changes in 50-year return levels are summarized in Table 3. Compared with the raw hind-
cast, the corrected datasets increased the estimated 50-year return level by 0.55 m at Fauskane,
0.19 m at Fedjeosen, and by 0.49–0.57 m at the study area locations. Confidence intervals (CI)
were also slightly reduced after correction, although these reductions were modest and should
be interpreted with caution.

Table 3. Estimated 50-year return levels of significant wave height (Hs,50), associated CI
widths, and deviations from raw NORA3. Values are reported in metres.

Location Source Hs,50 CI lower CI upper CI width ∆Hs,50 ∆CI

Fauskane NORA3 15.78 13.54 18.41 4.87 – –

MoE Fauskane 16.34 14.24 18.65 4.41 0.55 -0.46

Fedjeosen NORA3 13.03 11.62 14.42 2.80 – –

MoE Fedjeosen 13.22 11.87 14.56 2.69 0.19 -0.11

Kristiansund NORA3 12.25 11.31 12.94 1.63 – –

MoE Combined 12.79 11.90 13.40 1.50 0.54 -0.13

Bergen NORA3 13.19 11.92 14.34 2.42 – –

MoE Combined 13.68 12.48 14.68 2.20 0.49 -0.22

Stavanger NORA3 12.09 10.88 13.13 2.26 – –

MoE Combined 12.66 11.43 13.68 2.25 0.57 -0.01

The influence of bias correction on the annual maximum significant wave heights is illustrated
in Figure 11, which compares the raw NORA3 hindcast with the corresponding MoE-corrected
datasets across all study locations. In general, the corrected datasets produced higher annual
maxima than the raw hindcast, consistent with the increase observed in the estimated return
levels.



Figure 11. Scatter plots of annual maxima Hs values derived from the raw NORA3 hindcast
and MoE-corrected series at all locations.

The corresponding GEV parameters are presented in Table 4. Compared with the raw
NORA3 hindcast, the MoE-corrected datasets generally showed higher location parameter (µ)
values and, at most locations, an increase in the scale parameter (σ). Although the shape
parameter (ξ) generally became more negative after correction, the combined changes in the
fitted parameters resulted in consistently higher return level estimates. Overall, these results
demonstrate that bias correction influences both the magnitude and the statistical representation
of extreme waves, highlighting its importance for reliable coastal EVA.

Table 4. GEV parameter comparison between raw NORA3 and MoE-corrected Hs series.

Location Source ξ σ µ

Fauskane NORA3 0.021 1.638 9.127
MoE Fauskane -0.026 1.788 9.698

Fedjeosen NORA3 -0.089 1.466 8.198
MoE Fedjeosen -0.089 1.407 8.583

Kristiansund NORA3 -0.233 1.512 8.374
MoE Combined -0.274 1.637 8.868

Bergen NORA3 -0.128 1.496 8.599
MoE Combined -0.175 1.633 9.061

Stavanger NORA3 -0.152 1.532 7.575
MoE Combined -0.174 1.665 7.943

4 Conclusions
This study evaluated statistical methods (SM), machine learning (ML), and mixture-of-experts
(MoE) approaches to correct systematic biases in significant wave height of Norwegian reanalysis



hindcasts (NORA3). All methods improved agreement with buoy observations, with the greatest
improvements achieved under local calibration. Extreme Gradient Boosting showed the best
overall performance among the individual methods, and Directional Adjusted Gumbel Quantile
Mapping was the most effective SM. Cross-location validation indicated that transferability
depends on similarities in wave climate and bias characteristics between locations. The proposed
MoE framework further improved prediction accuracy by adaptively combining SM and ML
models, and applying the corrected hindcasts to extreme value analysis produced higher and
more reliable return-level estimates than raw NORA3. These findings highlight the importance
of bias correction before extreme value analysis and provide a practical framework for improving
wave data used in coastal and offshore engineering applications. Future work will examine the
framework at additional locations and extend its application to other wave parameters and
metocean datasets.
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