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Assessing the prevailing wind behaviors at an offshore site is important to optimizing energy cap-
ture and overall performance of future sustainable wind power installations. This manuscript presents
an Adaptive Weighted Storm-Aware Clustering (AWSC) framework, which uses physical insights to
perform unsupervised learning for offshore wind regime identification. The AWSC framework uses
thermodynamic feature weighting, dual-path storm separation and adaptive density refinement, thereby
generating physically interpretable and statistically compact wind regime clusters. Offshore sites in four
distinct locations around the world were examined. The locations included the Pacific Trades/Tropics,
the North Sea and the Arctic regions. Results were generated using ERA5 reanalysis data at a 0.25◦ spa-
tial resolution. The validation results show that AWSC achieves equal performance across physical and
statistical evaluation metrics, with Silhouette coefficients ranging from 0.54 to 0.63 and Davies–Bouldin
indices ranging from 0.43 to 0.64, indicating well-defined clusters that preserve their aerodynamic and
thermodynamic properties. The method successfully separated storm patterns from background data
without compromising the overall structure, and it achieved equal variable importance through feature
re-weighting (ω≈ 1.05). The research demonstrates that AWSC delivers a method for wind regime clas-
sification which combines physical understanding with efficient computational processing to link data
analytics with atmospheric science. The developed framework provides a foundation for worldwide
meta-clustering operations, digital twin systems, and energy and exergy integration, which will lead to
AI-based sustainable offshore wind energy systems.
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1. Introduction.

Offshore wind energy is a fundamental element of world-
wide efforts to build low-carbon power systems because it pro-
vides extensive, high-quality resources without requiring sig-
nificant land acquisition. The International Renewable Energy
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Agency (IRENA) documented that offshore wind power instal-
lations worldwide reached 68 GW of capacity in 2023, with
a 12% annual growth rate driven by European and East Asian
market expansion [1]. The International Energy Agency (IEA)
predicts that offshore wind power installations will reach more
than 500 GW by 2030, driven by declining project costs and in-
creasing coastal development [2]. The rapid growth of offshore
wind power faces obstacles due to weather patterns and storm
events, as well as demanding marine environments, which make
it challenging to predict resource availability and maintain sys-
tem reliability [3].

The consistent spatiotemporal coverage of ERA5 reanaly-
sis data enables researchers to study offshore wind through its
100 m hub-height wind fields [4]. Massive datasets become
more understandable through clustering algorithms, including
K-Means, Gaussian Mixture Models (GMM), Density-Based
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Spatial Clustering of Applications with Noise (DBSCAN), and
Ordering Points to Identify the Clustering Structure (OPTICS),
for wind regime classification, data reduction, and energy pre-
diction support [5],[6],[7],[8]. The research by Azhar et al.
(2023) shows how clustering methods help identify different
wind patterns in specific regions [5] and Huang et al. (2023)
used mixture-model clustering to study offshore wind resource
fluctuations [6]. Most conventional methods use Euclidean dis-
tances to analyse data. Still, they treat all variables equally,
even though wind speed, air density, and temperature affect
the flow’s kinetic-energy and exergy fluxes differently [9]. The
simplification methods used in these approaches produce non-
physical wind regimes, which hinder the understanding of the
data [10] [11].

The current methods fail to adequately handle extreme wea-
ther events. The statistical analysis of wind patterns excludes
storm events because they are considered statistical outliers for
structural design and energy-yield purposes [12]. The NOAA
Beaufort Wind Scale shows that whole-gale winds reach speeds
above 25 ms−1, which produce high-energy but rare conditions
that affect turbine operations and power grid stability [13]. The
removal of such events from clustering analysis prevents the
system from understanding the complete operational range of
offshore power systems [14]. The combination of measurement
errors with actual storms during clustering analysis produces in-
correct results because researchers cannot distinguish between
them[12]. The research develops a new clustering system that
uses physical principles to analyse meteorological data, sepa-
rating storm patterns from typical wind conditions. The system
starts with K-Means partitioning before using DBSCAN or OP-
TICS density-based clustering to enhance results through adap-
tive feature weighting for offshore wind regime identification
across different global areas [15] ,[16].

Wind-energy analytics relies on clustering methods to iden-
tify meaningful patterns in high-dimensional meteorological da-
tasets. The method groups wind patterns of similar types to cre-
ate simpler data structures, which help with weather prediction
and offshore resource assessment through storm-based analysis.
The application of traditional clustering frameworks to offshore
mega-data faces three ongoing difficulties: they lack scalabil-
ity, are storm-sensitive, and use unsuitable similarity measures.
The following section examines current developments across
five areas: standard clustering methods for wind power and
their combinations with anomaly detection; their use in offshore
environments; the need for customised distance functions; and
current research deficiencies.

This paper addresses these challenges by investigating the
following questions. Firstly, do physical knowledge guided
clustering with thermodynamic feature weighting and storm sep-
aration improve the quality and applicability of extracted wind
regimes across different climates when compared with tradi-
tional methods. Secondly, does the adaptive density-based ap-
proach facilitate robust performance with iterative feature re-
weighting across tropical, temperate and polar offshore climate
regimes without the need for manual parameter optimisation.
Thirdly, does the explicit separation of storm regimes improve
clustering quality more so than alternative strategies, such as

treating the storms as noise to be filtered or merging them with
the remaining background clusters.

The following structure guides the rest of this paper. Sec-
tion 2 examines existing research about wind-regime cluster-
ing methods and their approaches to handling anomalies. Sec-
tion 3 provides detailed descriptions of the proposed Adap-
tive Weighted Storm-Aware Clustering (AWSC) methodology.
The experimental results and evaluation of Adaptive Weighted
Storm-Aware Clustering (AWSC) against different offshore tiles
are presented in Section 4. The paper concludes with validation
results and sensitivity tests in Section 5, followed by final find-
ings and future research recommendations in Section 6.

2. Literature Review on Wind-Regime Clustering Method.

The fundamental wind-data classification methods include
K-Means, hierarchical Ward linkage, Gaussian Mixture Mod-
els (GMM), and density-based techniques (DBSCAN and OP-
TICS) [5], [3], [6], [7], [8]. The K-Means algorithm fails to
handle marine wind data because it requires equal cluster sizes
and spherical shapes, and a fixed number of clusters (k) [5]. The
hierarchical clustering method produces dendrograms at multi-
ple scales, which improve understanding, but its computational
cost becomes excessive when dealing with large datasets [3].
The GMM model provides practical transition-region assign-
ments, but its performance suffers because it relies on Gaussian
distributions that do not match real-world wind-speed patterns
[6]. The fixed-k limitation of DBSCAN and OPTICS disap-
pears when these methods use density connectivity to detect
arbitrary cluster shapes, which enables the successful identi-
fication of mesoscale flow patterns [7],[8]. The performance
of these methods depends heavily on the selection of the ε pa-
rameter, as they combine storms with random anomalies into
a single noise category, thereby reducing their ability to yield
meaningful physical results. The methods achieve excellent
performance in small-scale and regional applications but fail
when processing massive offshore datasets spanning different
climatic regions.

Research studies have implemented clustering algorithms
with anomaly detection methods to identify typical and unusual
wind patterns. Mehmood et al. (2025) achieved better sensor
noise resistance through their process, which combined Isola-
tion Forest with DBSCAN for turbine anomaly detection [12].
The Hawkeye framework, developed by Li et al. (2024), uses
residual clustering and contrastive learning for offshore turbine
diagnostics [17]. The hybrid methods that detect operational
faults through SCADA data analysis do not handle atmospheric
regime classification. The use of SCADA-based clustering for
rotor speed and power output analysis supports maintenance
operations, but does not extend to large-scale atmospheric data
processing [18] Ensemble learning methods use clustering as
a preprocessing technique to enhance power forecasting preci-
sion [19]. The existing frameworks fail to identify meaningful
storms from random anomalies while being incompatible with
planetary-scale reanalysis grids.

The research on offshore clustering shows slower growth
than onshore studies but demonstrates increasing demand for
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unsupervised learning methods in marine environments. The
study by Huang et al. (2023) implemented mixture-model clus-
tering to analyse offshore wind and density patterns, which re-
sulted in better probabilistic yield predictions [6]. The research
by Schelbergen et al. (2020) applied wind-profile-shape cluster-
ing to determine airborne-wind-energy resources while show-
ing how regime grouping helps identify vertical resource pat-
terns [7]. The combination of SVD and SOM techniques en-
ables researchers to cluster turbines for short-term forecasting
purposes[20], [21]. The methods used for operational improve-
ment remain limited to farm-based data analysis, while major
weather events are ignored. The development of global offshore
wind planning requires researchers to study both inter-tile dif-
ferences and climatological transition areas, which current re-
gional studies ignore.

The results of clustering depend heavily on the selection of
similarity measurement methods. The Euclidean metrics used
in conventional methods assign equal weight to all features,
without accounting for their individual effects on kinetic en-
ergy or exergy. Multiple research studies have developed new
distance metrics which address the existing limitations of tradi-
tional methods. The COMB distance metric, which combines
Euclidean distance with correlation and spectral components,
has proven effective for time-series clustering of wind diag-
nostics [3]. The Trendlet-based decomposition method sepa-
rates wind trends from short-term fluctuations, thereby improv-
ing data interpretation [22]. The clustering method based on
functional depth and band-shape distances enables the analy-
sis of complete wind-speed curves instead of individual points
to detect seasonal and daily patterns [23]. The existing distance
metrics lack thermodynamic weightings for air density, temper-
ature, and pressure, and they fail to separate storm-generated
patterns from normal weather conditions. The current distance
metrics rely on complex mathematical structures but do not ac-
count for physical factors, limiting their applicability to off-
shore exergy-based clustering.

The reviewed studies reveal multiple ongoing research chal-
lenges, which are summarised in Table 1. Most research studies
operate at the regional level, using statistical methods to com-
pare data without accounting for the physical characteristics of
marine boundary layers. The reviewed studies lack both ther-
modynamic relevance in their distance metrics and fail to dis-
tinguish between storms and anomalies. The current research
lacks frameworks which simultaneously achieve global scala-
bility and physical interpretation.

Table 1: Summary of Research Gaps in Wind-Regime Cluster-
ing.

Source: Authors.

Table 2 presents a comparison of research studies based on
their contexts and methodological approaches, along with their
respective constraints regarding storm-aware physics-informed
clustering. The analysis reveals that no single worldwide sys-
tem exists to integrate energy - based distance functions with
storm separation and dynamic density optimisation, which drives
the creation of the Adaptive Weighted Storm - Aware Clustering
(AWSC) framework presented in Section 3.

Table 2: Comparative Review of Key Clustering Approaches in
Wind-Energy Applications.

Source: Authors.

The research studies demonstrate that no current clustering
system unites worldwide scalability with physics-based similar-
ity assessment and dedicated storm and anomaly identification
capabilities. The AWSC methodology established in this re-
search addresses all identified gaps through its distance metric
based on physical principles, its dual-path system that adapts to
storms, and its iterative density-optimisation process.

3. Materials and Methods.

The following section describes the research methodology,
which uses physics-based methods to analyse offshore wind
data. The current research methods based on K-Means and hier-
archical clustering algorithms focus on statistical feature simi-
larity, neglecting the physical connections among aerodynamic,
thermodynamic, and meteorological parameters. The simpli-
fied approaches used in previous studies fail to fully represent
offshore wind behaviour because they do not account for storm
intensity, air density, and temperature gradient effects, which
control energy and exergy characteristics during extreme and
transitional weather conditions. The research uses a systematic
approach that combines feature engineering with normalisation
and dimensionality reduction, and multiple validation stages,
to overcome existing study limitations. The physics-aware dis-
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tance metric is formulated as follows: [8], [28].

d =

√√ n∑
i=1

?i(xi − yi)2 (1)

The weights wi represent thermodynamic values derived from
wind speed, air density, temperature, and pressure importance
(e.g., based on feature importance). The model uses xi and yi to
represent two different data points. The statistical and physical
coherence of the data remains intact, enabling better evaluation
of offshore wind performance and variability.

The research data come from the ERA5 global reanalysis
archive, which covers all oceanic and marine areas worldwide,
including oceanic spaces, marginal seas, and coastal waters ex-
tending beyond shorelines. The high-resolution land–sea ge-
ometries enabled a spatial filter to extract offshore grid points
which are at least 80 km and no more than 120 km from coastal
boundaries to prevent coastal contamination. The offshore grid
contains 134,475 geolocated points, which use 0.25◦ × 0.25◦

global grid coordinates to identify their latitude and longitude
positions.

The dataset contains hourly time series data from 2004 to
2024, which spans eleven years (at two-year intervals), to anal-
yse offshore wind energy and exergy performance through wind
speed and direction, and air density, temperature, and pres-
sure measurements at 100 meters. The dataset contains more
than several billion individual data entries because it includes
spatial and temporal dimensions and multiple variables, which
makes it the largest global offshore wind information structure
for energy–exergy analysis.

The offshore dataset was spatially partitioned into 10◦ × 10◦

global tiles, yielding 240 tiles that span the entire world. The
researchers chose four specific tiles (395 Pacific Trades, 431
Tropics, 523 North Sea and 600 Arctic) for detailed method-
ological validation because they represent different climatic zo-
nes. The researchers chose these tiles because they capture
the full range of wind patterns, sea-air interactions, and storm-
induced turbulence across various latitudes. The tile numbers
(395, 431, 523, 600) are system-generated identifiers used dur-
ing global tiling operations and do not follow any geographical
sequence or physical location. The non-sequential appearance
of tile numbers stems from the computational rules used to seg-
ment the space during spatial processing. The researchers im-
plemented this method to create a worldwide reference system
that enables scalable, reproducible operations for feature engi-
neering, clustering, and validation across all offshore areas.

The study used four representative offshore tiles from the
same subset for all clustering and validation methods to achieve
consistency and comparable results. The four tiles represent
different offshore wind conditions from around the world be-
cause they are from distinct climatic and geographical areas,
spanning tropical to high-latitude zones.

Table 3 presents the basic physical data from ERA5, before
any normalisation or feature engineering, for the four selected
tiles. The table presents four essential parameters for each tile:
the number of offshore grid points, their mean wind speed, stan-
dard deviation, and turbulence intensity, and the climatic zone

classification. The values from Table 3 serve as a common ref-
erence point for evaluating all clustering algorithms, including
KMeans, DBSCAN, OPTICS, GMM and AWSC.

Table 3: Representative offshore tile characteristics used for all
clustering methods.

Source: Authors.

The tiles establish a stable measurement system that enables
methodological testing to proceed. At the same time, all ob-
served changes in clustering quality stem from algorithmic or
preprocessing variations rather than from modifications to the
input data.

The researchers used controlled anomaly injection to eval-
uate the stability and physical responses of their clustering ap-
proaches on their dataset, simulating measurement errors and
testing clustering robustness. At this step, 1–2% synthetic anoma-
lies were added to the data points of each tile in the original
clean dataset using this procedure. The anomalies were dis-
tributed across grid points, maintaining their presence through-
out all valid time periods, to represent typical measurement and
transmission problems found in extensive reanalysis datasets.The
researchers implemented two different anomaly types for their
study.

1. The system introduced negative wind speed values, which
violate physical laws, to represent sensor malfunctions and data
processing mistakes.

2. The system introduced wind speed values that exceeded
60 m/s to represent unphysical data spikes which exceeded the
storm range established by Beaufort and ERA5 thresholds.

All introduced anomalies are marked as is anomaly = True
to allow robust handling of corrupted data and correct separa-
tion of normal data from anomalies. A constant anomaly rate
per tile is used in the tests to allow for meaningful compari-
son of methods and reproduceability of results. This method
of introducing anomalies also tests how a data clustering sys-
tem handles artificial irregularities while maintaining stability
and interpretability. This method is expected to be effective in
offshore applications where issues such as sensor drift, missing
data and transmission errors are prevalent.

The same set of tiles was tested against anomaly tests as
well as evaluated under stormy weather conditions. In addi-
tion to the anomaly tests, the tiles were assessed for how well
they performed under stormy weather conditions. Each tile was
analyzed for the number of storms, the storm recurrence rate
as well as the statistics of wind speed distributions using wind
speed thresholds above 25 m/s. The results of the diagnostic
assessment using ERA5-derived data are summarized in Table
4.

The analysis in Table 4 moves from static spatial data to
complete wind field information that includes both location and
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time. The “Total Points” column in Table 4 shows the total
number of wind speed records spanning the 11 years from 2004
to 2024, recorded at two-year intervals. The “Total Points”
value in Table 4 represents the complete number of cell–time
combinations. The total number of cell–time pairs exceeds the
grid cell count for each tile by multiple orders of magnitude, as
shown in Table 3. The analysis used the expanded dataset to
calculate storm statistics from ERA5 wind speed data above 25
m/s and anomaly statistics from synthetic negative and > 60 m/s
spikes that simulated sensor faults. The rates serve as essential
reference points for assessing how clustering algorithms per-
form when handling infrequent, strong events and faulty mea-
surement data.

Table 4: Storm and anomaly diagnostic statistics for represen-
tative tiles.

Source: Authors.

The storm and anomaly data serve as reference points for
evaluation, although they do not participate in the first cluster-
ing process. The comparison between different clustering meth-
ods becomes possible through these benchmarks, which help
evaluate their performance during high-variance and extreme
events in validation stages. The diagnostic results provide phys-
ical meaning, which serves as the basis for assessing feature
engineering, normalisation techniques, and clustering methods.
The storm-rate and anomaly-rate baselines from next follow-
ing sections serve to determine if a clustering method separates
normal operating conditions from rare high-wind events and ar-
tificial spikes.

The first stage of feature engineering converted ERA5 vari-
ables into physical values that machine learning algorithms could
use for clustering. The four offshore tiles (395, 431, 523, and
600) contained five essential variables, which described each
grid point through wind speed (WS), wind direction (WD), air
density (ρ), temperature at 100 m (T100) and pressure at 100 m
(ρ100).

The data decomposition process divided the information into
four seasonal periods, which included DJF (December–February),
MAM (March–May), JJA (June–August), and SON (September-
November).

The statistical analysis produced two values for each sea-
sonal variable: the mean and standard deviation, which show
both steady and changing atmospheric patterns.

The 40-dimensional offshore tile feature matrices for physi-
cal environmental parameters were constructed from five atmo-
spheric variables (two characteristics for each variable, season-
ally) and are sufficient to accurately represent the physical en-
vironmental parameters from different perspectives while still
allowing for enough degrees of freedom to explore different ap-

proaches. These feature matrices were used for all tested clus-
tering algorithms.

For clustering the feature matrix on variable space, the vari-
ables are on different physical units. In order to avoid such
bias in the distance computation (e.g., wind speed in m/s versus
temperature at 100 m in K, pressure at 100 m in Pa, air density
in kg/m3), all features are normalised by applying the Z-score
normalisation method. This statistical transformation for nor-
malisation (Z-transformation) computes the mean and standard
deviation for each variable and then transforms all variables to
zero-centred variables with equal variance. As a result, all vari-
ables make an equal contribution to the final clustering results.

Normalisation was introduced to the algorithm in order to
improve stability and convergence, however this process denor-
malises the input and means that m/s and K become meaning-
less purely numerical values. Extensive testing has shown that
the relationships between the features and their variability pat-
terns are still physically correct.

The comparisons between the original and normalised re-
sults are presented in terms of the mean and standard deviation
of the differences (∆Mean and ∆Std) of corresponding values.
Limiting values for the mean and standard deviation deviations
of the differences have been specified at 5% and 10% respec-
tively. These values are generally accepted in atmospheric and
energy modelling and therefore any minor deviations between
the original and normalised results are considered to be sta-
tistically consistent. The validation process demonstrated that
standardised data maintained the fundamental properties of the
worldwide offshore wind resource, which supports both mathe-
matical stability for unsupervised learning and physical under-
standing for future energy and exergy assessments.

The application of Principal Component Analysis (PCA)
to standardised features improved computational performance
while eliminating unnecessary features from the analysis. The
PCA transformation accounted for 95% of the total variance, so
only components that contributed to this threshold were used
for clustering [29]. The PCA transformation reduced each tile’s
feature dimensions from 40 to 6-9 principal components based
on seasonal and thermodynamic patterns in different areas. The
implementation brought two essential advantages to the system.

1. The process eliminated high-dimensional noise and tem-
perature - air density correlation from the data.

2. The process reduced clustering time and enhanced nu-
merical stability for processing extensive datasets.

The PCA reconstruction test used reduced data to reconstruct
the original feature space, calculating the Root Mean Square
Error (RMSE) between the original and reconstructed standard-
ised matrices. The reconstruction RMSE remained between
0.18 and 0.22 (normalised units) throughout all representative
tiles.

Table 5 presents wind-speed statistics at the tile level be-
fore PCA inversion and after PCA inversion. The table shows
the physical unit values of the mean, standard deviation, and
turbulence intensity (TI = σ/µ), along with their percentage
changes from the original measurements. The PCA transfor-
mation maintained exact tile-level mean wind speeds (∆Mean
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= 0% across all tiles), while standard deviation and TI changes
remained below the 1% threshold. The results demonstrate that
PCA preserves the fundamental physical properties of the sea-
sonal wind-feature matrix, making it suitable as a preprocessing
method for clustering analysis.

Table 5: PCA Validation Metrics: Wind-Speed Statistics Before
and After Dimensionality Reduction.

Source: Authors.

The PCA method performs a non-physical data transforma-
tion, preserving statistical variance while making the new com-
ponents unrelated to specific physical variables. The authors
applied PCA as a preprocessing technique for clustering valida-
tion purposes, but avoided using it to interpret physical energy
or exergy values. The complete preprocessing workflow, which
leads to clustering, consists of the following steps:

a. The preprocessing step begins by extracting raw ERA5
offshore data from all grid points located in the chosen
tiles.

b. The system performs seasonal statistical decomposition
to determine mean values and standard deviations for all
variables throughout the four seasonal periods.

c. The system generates a 40-dimensional feature matrix,
which shows how each tile behaves through atmospheric
and thermodynamic measurements.

d. The Z-score normalisation technique removes scale dif-
ferences between variables that use different physical units,
such as m/s, K, Pa, and kg/m3.

e. The PCA reduction process maintains 95% of total vari-
ance while achieving statistical compactness with less
than 0.22 normalised units of reconstruction error and
less than 1% deviation in tile-level wind-speed variabil-
ity.

The multistage feature engineering and normalisation pipe-
line produces a physically sound dataset that is statistically ro-
bust and provides a reproducible input base for all clustering
algorithms studied in this research.

The validation results from the tests show that the raw and
transformed datasets match closely, demonstrating the strong
stability of the preprocessing system and the physical accuracy
of normalisation and PCA operations.

a. Normalisation Effects: The normalisation process main-
tained the original wind speed values within ±5% of their
mean values for all four selected tiles. The standard devi-
ation (∆Std) measurements showed slightly bigger chan-
ges than the mean values because Z-score standardisation
made these adjustments. The turbulence intensity (∆TI)
measurements showed the greatest changes because they

depend on both the mean and the variance, resulting in
10–15% deviations. The absolute RMSE values between
the raw and scaled datasets remained below 0.1 m/s, in-
dicating that these statistical differences do not affect the
physical meaning of the data.

b. PCA Compression Effects: The PCA dimensionality re-
duction produced reconstruction errors (RMSE Recon)
that stayed below 0.22 (normalised units), which proved
that the data compression process retained most of the
original information. The PCA compression process main-
tained the same mean and standard deviation as normal-
isation, demonstrating that the 95% variance retention
threshold preserved the major statistical features of off-
shore wind fields. The PCA process improved compu-
tational performance and eliminated redundant data, but
its non-physical nature required scientists to avoid direct
interpretation of individual components in energy and ex-
ergy analyses.

c. Cross-Tile Consistency: The wind dynamic variability
in Tiles 395 (Pacific Trades) and 600 (Arctic) produced
slightly higher values for ∆Std and ∆TI. The uniform be-
haviour of normalisation and PCA across different cli-
mate zones demonstrates their stability, enabling all clus-
tering algorithms to work with a single harmonised dataset
that maintains physical consistency. Table 5 presents quan-
titative results for ∆Mean, ∆Std and ∆TI and RMSE Re-
con values from all four tiles, while Appendix B (Fig-
ures B1–B3) shows how normalisation and PCA main-
tain essential physical properties of the worldwide off-
shore wind field.

The validation results demonstrate that the preprocessing
pipeline preserves the physical behaviour of the offshore wind
field while creating suitable numerical conditions for cluster-
ing. The Z-score normalisation process eliminated scale differ-
ences between different features without distorting wind-speed
or thermodynamic data. The PCA transformation preserved the
main variance patterns in the data while reducing computational
requirements and eliminating redundancy between temperature
and air density measurements.

The analysis shows that turbulence intensity (TI) is most
vulnerable to changes induced by normalisation and dimen-
sionality reduction techniques. The standard deviation-to-mean
wind speed ratio in TI makes this parameter sensitive to small
changes in data scaling or compression. The interpretation of
exergy-related results that use TI requires users to state their
data preprocessing method, whether normalised or PCA - trans-
formed, because this information affects physical results and
reproducibility.

The validation process demonstrates that both normalisa-
tion and PCA produce data which maintains physical accuracy
and statistical stability for machine learning operations. The
clustering analysis will produce results that reflect the algo-
rithm’s actual characteristics because the preprocessing steps
have not introduced any misleading factors.

The research began with KMeans as its first partitioning
method because of its well-known implementation, simple com-
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putation, and precise results. The study tested KMeans with
two different cluster numbers (K = 3 and K = 5) to determine
how varying K affects results. The method works well for at-
mospheric data analysis because it provides efficient results and
consistent outcomes despite its requirement for spherical clus-
ters and uniform variance, which do not always match real-
world turbulence and storm patterns. The KMeans objective
function minimises the sum of squared distances from each data
point to its assigned cluster centre:

J =
k∑

i=1

∑
x∈Ci

||x − µi||
2 (2)

Two density-based clustering methods were applied to address
some of the limitations of K-Means clustering. Specifically,
the method was able to handle non-geometric, overlapping and
irregularly shaped clusters. DBSCAN (Density-Based Spatial
Clustering of Applications with Noise) groups the points in a
space together based on dense regions of points (i.e. clusters)
and distinguishes these from other points which are classified
as noise or outliers. This was particularly useful at picking out
rare high-intensity storm events and turbulence bursts (sparse
high-intensity points) within the feature space spanned by off-
shore wind observation parameters. OPTICS (Ordering Points
To Identify the Clustering Structure) allows the cluster hierar-
chy present in a dataset to be extracted and produces smooth
transitions between assignments of cluster densities as the den-
sity changes progressively.

The Generalised Mixture Model (GMM) is a probability-
based method that fits the data with a mixture of Gaussian dis-
tributions. It is a superior method to KMeans because each data
point can have partial membership in a cluster, especially in
regions of the space where clusters are most likely to be lo-
cated in the boundary region between two clusters. The use of
GMM allows for the study of wind zones located between the
sub-tropical and temperate latitudes and provides insights into
overlapping physical processes.

The model uses covariance structure estimation to analyse
wind direction patterns and anisotropic behaviour, yielding de-
tailed offshore wind patterns.

The evaluation of clustering quality through three perfor-
mance indices, which assess each K and tile configuration:

1. Silhouette Coefficient (S): The Silhouette coefficient mea-
sures how similar a sample is to its own cluster compared
with other clusters [30],[31]. The method evaluates clus-
ter separation through the calculation of average intra-
cluster distances and mean distance to the nearest cluster
(b-a) by the maximum value between a and b. The S
value reaches its maximum at 1 when the clusters are op-
timally separated. The formula 1 shows the S calculation:

s =
b − a

max(a, b)
(3)

2. Davies–Bouldin Index (DB): The index measures the av-
erage ratio of within-cluster scatter to between-cluster
separation, which results in better cluster compactness
when values are smaller [32],[33].

3. Calinski–Harabasz Index (CH): The index shows the re-
lationship between between-cluster dispersion and within-
cluster variance through a ratio that produces better clus-
ter discrimination when values increase [34],[35]. The
three metrics establish a unified quantitative framework
for assessing different clustering methods.

The DBSCAN clustering method identifies dense areas in
data by detecting continuous high-density regions between sparse
areas. The DBSCAN classification system identifies three types
of data points using two essential parameters: ‘ε’ and MinPts
[36]. The two main parameters of DBSCAN are ‘ε,’ which
sets the maximum neighbour distance to 0.5, and MinPts, which
determines the minimum number of neighbours required for a
dense region to form. The first set of parameters for normalised
meteorological data included ε = 0.5 and MinPts = 10, but fu-
ture analyses will test these values for their effects on cluster
structure, storm detection, and noise reduction [37].

The algorithm DBSCAN succeeds at finding dense clusters,
but it fails to perform well when clusters have different den-
sity levels, which commonly occurs in global offshore areas
that span between tropical and polar climates [16].The algo-
rithm OPTICS builds upon DBSCAN by creating an ordered
sequence of points based on their reachability distances to pro-
duce a density relationship hierarchy. The algorithm operates
without requiring a fixed ε value to detect clusters of different
densities during a single execution. The OPTICS reachability
plot shows dense areas through its steep valleys, while its flat
sections point to sparse data or noise, which helps detect both
permanent climate patterns and short-lived turbulent weather
patterns [16].

The GMM is a model-based clustering method that operates
alongside geometric and density-based approaches. The GMM
uses multiple Gaussian components to represent offshore wind
regimes through their mean vectors and covariance matrices.
The GMM model generates data points from K Gaussian distri-
butions, each of which has their own probability weight (πk) and
mean vector ( µk ) and covariance matrix (Σk) [38]. The proba-
bility distribution of a data point xi follows this formula[39]:

p(xi) =
K∑

k=1

πkN (xi | µk,Σk) (4)

The multivariate Gaussian probability density function:

(N(xi|µk, Σk))

represents the probability distribution of a data point ‘x′i . The
EM algorithm performs parameter estimation by alternating be-
tween cluster assignment updates and covariance structure op-
timisation to achieve maximum likelihood results[39].

3.1. Adaptive Weighted Storm-Aware Clustering (AWSC) — Core
Methodological.

Traditional clustering methods such as K-Means, DBSCAN,
OPTICS, and GMM can identify statistical similarities in off-
shore wind datasets. Still, they fail to capture the physical
mechanisms that generate wind energy fluctuations and exergy
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transfer. These algorithms rely on Euclidean distance metrics
that treat all variables equally, without accounting for the en-
ergetic relevance of wind speed, air density, temperature, and
pressure. As a result, extreme storm events are often classified
as statistical outliers. The clustering results show two forms of
bias: (i) physical distortion, because clusters may reflect ran-
dom numerical patterns rather than meaningful aerodynamic
structures, and (ii) inflated intra-cluster variance during high-
energy storm events, which lowers Silhouette values and in-
creases Davies–Bouldin (DB) scores.

To address these limitations, this study introduces Adaptive
Weighted Storm-Aware Clustering (AWSC) as a physics - in-
formed extension of unsupervised learning. AWSC employs a
thermodynamically weighted distance metric, a dual-path sepa-
ration of storm and non-storm regimes, and an adaptive refine-
ment loop that updates feature weights and density thresholds
until physically consistent wind-regime structures emerge. A
physics-aware distance metric, denoted D, is proposed for clus-
tering that combines wind speed, directional encoding, air den-
sity, temperature, and pressure with thermodynamic weights.
Physics-aware machine learning frameworks have inspired this
metric for energy and fluid systems [40]. The complete formu-
lation is specific to this study and constitutes a new contribu-
tion.

(a) Physics-Aware Feature Space.
The 40-dimensional seasonal feature matrix from AWSC

uses the same data as the other methods, but the system under-
stands how each feature affects wind energy and exergy produc-
tion. The system uses the following variables for its analysis:

The system uses wind speed (WS) and directional wind di-
rection (WD) through sine and cosine transforms, and air den-
sity (ρ) and temperature at 100 m (T100) and pressure at 100 m
(ρ100).

The system normalises the data using a Z-score transforma-
tion before applying PCA to reduce dimensionality while pre-
serving 95% of the original variance. The system maintains
physical variable connections through its structured principal
component to the variable mapping system. The system uses
this mapping to establish feature weights and to understand how
cluster centroids relate to thermodynamic values.

(b) Physics-Aware Distance Metric.
AWSC uses a weighted, physics-based distance metric rather

than the conventional Euclidean distance in standard isotropic
space. The distance between two data points xi and x j in the
transformed feature space, follows this formula:

D(xi, x j) =
M∑

m=1

ωm

∥∥∥ϕm(xi) − ϕm(x j)
∥∥∥2

(5)

The formula contains three essential components:

• The physics-aware distance D
(
xi, x j

)
measures the dis-

tance between two offshore wind data points xi and x j.

• ϕm(·) represents the normalised version of themthphysical
attribute (wind direction uses sine and cosine encoding,

and thermodynamic variables undergo standardisation)
and,

• ωm Represents a non-negative physical weight that indi-
cates the significance of feature m for wind energy and
exergy.

• M Represents the number of features (or principal com-
ponents) used in clustering.

The first weight vector follows an order based on thermo-
dynamic significance, with

{ωWS , ωWD, ωρ, ωT , ωP} ∝

As the sequence, the weights start with wind speed and air
density as the most important, because they determine how ki-
netic energy is transferred and what exergy remains available.
The thermodynamic modifiers include temperature and pres-
sure, while wind direction preserves both angular properties
and flow orientation. The weights are adapted using the de-
scribed update procedure.

(c) Storm-Aware Dual Path.
AWSC includes storm analysis as its main component. The

system divides the data into two sets using a wind-speed thresh-
old (WS > 25m s−1), which corresponds to Beaufort “whole
gale” conditions, to prevent high-energy events from affecting
cluster centroids. The system contains two separate paths for
data analysis:

• The storm-removed path contains all observations that do
not meet storm criteria.

• The storm-only path contains all high-wind events that
meet storm criteria.

The system runs separate clustering operations on each data
subset. The storm-removed path helps identify typical offshore
wind patterns, which engineers need for regular operations and
design work. The storm-only path analyses storm patterns by
showing their main wind directions and speed distributions, along
with statistical data on their occurrences. The system maintains
storm data analysis through its dual-path structure, which pro-
tects background regimes from numerical instability and loss of
physical interpretation.

(d) Adaptive Weighting and Density Refinement.
The two-stage clustering kernel of AWSC operates as fol-

lows:

1. The first stage of K-Means clustering uses the physics-
aware distance metric D(·, ·) to create an initial partition
of Kinit clusters. The number of initial clusters Kinit matches
the number of regimes in the baseline experiments, which
usually amounts to 3 or 5 per tile.

2. The K-Means labels undergo DBSCAN refinement through
the same feature space with specific values for ε and MinPts
that get adjusted for each tile. The method determines the
initial ε value from the upper quantiles of the k-distance
curve to handle varying point densities across the four
representative tiles.
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The weight adaptation process runs iteratively within the
AWSC kernel framework. The algorithm calculates intra-cluster
variance for each feature m during step t of the clustering pro-
cess.

Var(t)
intra(m), (6)

And the weights are updated according to an inverse-variance
rule:

ω(t+1)
m ∝

1

Var(t)
intra (m)

, (7)

The algorithm assigns higher weights to features that pro-
duce well-defined clusters with minimal internal variation, while
downweighing features that introduce noise or weak discrim-
ination. The weights are normalised to obtain a mean nor-
malised weight value.

ω(t)
=

1
M

M∑
m=1

ω(t)
m (8)

The system maintains a unity value for this parameter, which
enables all variables to exert equal influence on the system.

The algorithm runs in a loop until it reaches a stopping point
which is defined through the convergence criterion.

•
∣∣∣ω(t+1)

− ω(t)
∣∣∣ < 0.01 and

• The algorithm shows no significant change in cluster la-
bels between two consecutive iterations because less than
2 % of points move between clusters.

The convergence rule ensures that the final configuration
maintains both statistical stability and physical consistency.

3.2. Hyperparameters, Reproducibility, and Evaluation Met-
rics.

The study implements the following default hyperparame-
ters from AWSC for reproducibility purposes:

• The study uses Kinit = 3 and Kinit = 5 as the number
of regimes for sensitivity analysis because these values
match other research methods.

• The physics-aware distance function D(·, ·) serves as the
distance metric while the weight ordering follows the ini-
tial definition.

• The storm-removed path uses DBSCAN with ε values
derived from the 90th percentile of k-distances (k = MinPts)
and MinPts = 10.

• The storm threshold value is set at WS > 25 m s−1 [13].

• The weight adaptation process runs for a maximum of 20
iterations although the algorithm usually converges be-
fore reaching ten iterations.

• The PCA representation uses 95% of the data variance,
which matches the preprocessing methods of K-Means,
DBSCAN, OPTICS, and GMM.

The selected hyperparameter values strike a balance between
detecting physical variations and handling random data while
maintaining AWSC’s ability to match the baseline algorithms.

The main AWSC procedure for processing a single tile re-
quires the following algorithm for reproducible results.

• Input preparation.

The algorithm uses a 40-dimensional seasonal feature ma-
trix (WS ,WD, ρ, T100, P100) with DJF, MAM, JJA, and
SON mean and standard deviation values. The algorithm
normalises the data using a Z-score transformation and
performs PCA with 95% variance retention, while main-
taining a component-to-variable mapping.

• Storm separation.

The algorithm separates the data into two parts, which
contain storms and storm-free data based on wind speed
values above 25m s−1.

• Initialisation of weights.

The algorithm starts by assigning physical weights ω(0)
m

based on thermodynamic priority while ensuring ω(t)
= 1

through normalisation.

• Clustering loop.

The algorithm performs the following steps for each iter-
ation from t=0 to t=1 and beyond:

a. The algorithm performs weighted K-Means cluster-
ing with distance function D(·, ·) and current weight
values ω(t)

m to generate Kinit clusters.
b. The algorithm calculates k-distance curves to deter-

mine the suitable value of ε(t).
c. The algorithm performs DBSCAN clustering with
ε(t) as the parameter and MinPts set to 10 to achieve
better cluster definition and anomaly detection.

d. The algorithm calculates Var(t)
intra values for each clus-

ter and applies the inverse-variance method to up-
date the weights. The algorithm normalises ω(t)

m to
maintain ω(t+1)

= 1.
e. The algorithm calculates internal metrics, including

Silhouette, DB, and CH, before checking for weight
and label convergence. The algorithm stops when
it reaches the convergence criteria, but otherwise it
continues.

• Storm-only clustering.

The storm-only subset requires the same process as be-
fore to identify storm patterns, while preventing back-
ground cluster interference via storm-removed path weights.

• Output.

The system will save all output data, including final la-
bels, physical feature space cluster centroids, anomaly
flags, storm/non-storm masks and evaluation metrics, which
include Silhouette, DB, CH, storm share, anomaly share
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and mean weight ω for section 4 analysis. The algo-
rithmic outline with defined hyperparameters enables re-
searchers to perform AWSC experiments on ERA5 data
from the same offshore area while allowing them to mod-
ify the approach for different offshore regions.

• Evaluation Metrics for AWSC.

The storm-removed path receives its evaluation through
three internal clustering metrics, which match the base-
line methods: Silhouette coefficient, Davies-Bouldin in-
dex, and Calinski–Harabasz index. The three physics-
based indicators track the following metrics:

– The storm share indicates the percentage of obser-
vations that belong to storm-only clusters;

– The anomaly share shows the percentage of points
which DBSCAN identifies as noise; and

– The mean normalised weight ω shows if any single
feature controls the distance metric.

The combined metrics evaluate both statistical cluster qual-
ity and the ability of the clusters to represent actual off-
shore wind patterns. The complete numerical results,
along with tile-specific explanations, appear in Section
4.

4. Results and Comparative Evaluation of Clustering Meth-
ods.

K-Means was applied to the PCA-reduced and normalised
feature matrix described in Section 3 for the four representative
offshore tiles. Two configurations (K = 3 and K = 5) were used
to examine the influence of cluster granularity on regime inter-
pretation. The K = 3 setting captures the major wind patterns,
whereas the K = 5 configuration reveals finer-scale sub-regimes
that may correspond to seasonal variability, temperature-driven
shifts, or storm-related deviations. The resulting clusters were
projected onto a two-dimensional space for visualisation, with
each point representing a seasonal sub-state and its colour indi-
cating the assigned K-Means label. These projections illustrate
the organisation of regimes in reduced space, while the actual
clustering was performed in the higher-dimensional PCA fea-
ture domain.

In the baseline experiments, four commonly used clustering
approaches were evaluated on four representative tiles in the
PTB dataset. The clustering quality achieved by K-Means, DB-
SCAN, OPTICS and GMM were evaluated by applying them to
both the preprocessed and PCA-reduced feature matrices, and
the results were presented in Table 6 and Figure 1. A trade-
off between the achieved quality of cluster separation and the
amount of information preserved in the features for the clus-
tering task was observed. For comparison, K-Means clustering
was performed with K = 3, and had Silhouette scores around
0.40 to 0.50 for all tiles. However, such hard boundaries be-
tween clusters do not accurately reflect continuously transition-
ing atmospheric states. DBSCAN found dense regions of weather

that made up only 9-91% of the total data, and thus did not in-
clude most physically significant storm events.

Hierarchical density evaluation was utilised to improve upon
DBSCAN to form an appropriate partition of the Arctic sam-
ple data, achieving a significantly reduced noise fraction of 22–
66% for the highest Silhouette value of 0.72 for the Arctic tile.
The results obtained using a Gaussian Mixture Model provided
soft clustering with moderate Silhouette values of 0.36–0.49;
however, the inability to accurately represent the data using
a Gaussian model is noted given the multi-modal characteris-
tics of offshore wind speed distributions. All tiles reached Sil-
houette coefficients of 0.54–0.63 for AWSC, covering 100% of
data points. In comparison, DBSCAN and OPTICS reached
similar or better Silhouette scores but misclassified 9–91% of
the points as noise (Figure 1b). No existing method incorpo-
rated a physics-informed distance metric or separated individ-
ual storms well. Thus, the scatter plots for the baseline methods
in the appendices (Figures A1–A16) show limited improvement
over the AWSC approach discussed in the subsequent sections.

Table 6: Clustering Method Comparison Across Representative
Pilot Tiles.

Source: Authors.
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Figure 1: Comparative evaluation of clustering methods across four representative offshore tiles. (a) Silhouette coefficients showing
cluster separation quality, with the 0.50 quality threshold indicated. (b) Data retention rate showing the percentage of data points
retained by each method. AWSC achieves consistent Silhouette coefficients (0.54–0.63) with 100% data retention, whereas DB-
SCAN and OPTICS achieve comparable or higher scores only by discarding 9–91% of observations as noise.

Source: Authors.

The Silhouette values in Table 6 show that K = 3 yields val-
ues between 0.40 and 0.50, while K = 5 yields values between
0.35 and 0.40, indicating better cluster separation and internal
cohesion in the coarser configuration.

The complete description of AWSC appears in Section 3,
where it explains the physics-based distance calculation, dual
storm / non-storm pathways, adaptive weight adjustment, and
density optimisation. The following section evaluates AWSC
performance through both numerical and non-numerical assess-
ments on the four offshore tiles.

The validation process included four offshore tiles from ER-
A5 reanalysis data at 0.25◦ spatial resolution: 395 (Pacific Tra-
des), 431 (Tropics), 523 (North Sea), and 600 (Arctic). The
storm-removed clustering results for each tile appear in Table
7. The numerical results demonstrate that cluster tightness di-
rectly relates to the amount of data present in each area. The
highest statistical validity is achieved by Tile 523, with Silhou-
ette and DB values of 0.69 and 0.43, respectively, indicating
well-defined, physically consistent regimes.

The results show that Tile 600 achieves a strength simi-
lar to Tile 523, with a Silhouette value of 0.61. At the same
time, Tile 431 demonstrates average cluster tightness, with a
Silhouette value of 0.52 and distinct banding patterns. The
cluster analysis of Tile 395 produces the lowest compactness
measure (Silhouette ≈ 0.35) and the highest anomaly percent-
age (36%), indicating poor cluster merging and sparse data dis-
tribution. The results show that AWSC achieves better results
when physical weighting and adaptive density calibration main-
tain proper equilibrium. The combination of high wind-speed
weight “ω WS” and strict ε values produces vertical cluster
fragmentation, resulting in lower Silhouette values.

Table 7: Quantitative performance of AWSC under storm-
removed conditions.

Source: Authors.

The system maintained constant average feature weights at
(ω−≈ 1) while processing each tile within a time span of 2 sec-
onds to 24 seconds, which validated its operational speed. The
iterative refinement process for all tiles converged to the ∆ω
stability criterion (equation 8) within 10-20 iterations, yielding
a stable weight vector and fixed DBSCAN parameters for the
final results.

Visual patterns shown in Figures 2a-d display AWSC clus-
tering results for four representative tiles, which help under-
stand the physical characteristics of each area. The WS–WD
plane of Tile 395 shows multiple overlapping bands which ex-
tend into numerous grey areas throughout Figure 2a. The wide
distribution of data points indicates that the current neighbour-
hood radius does not effectively handle sparse areas, which
leads to poor cluster merging and the lowest numerical com-
pactness value. The aerodynamic organisation in Figure 2b be-
comes more defined because Tile 431 creates separate arcs that
maintain good separation between wind directions from 120◦

to 200◦. The combination of speed and density, weighted by
directional variance, produces a better aerodynamic structure,
resulting in a higher Silhouette value.
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Figure 2: AWSC 2a-2d.

Source: Authors.

The storm point detection in Figures 2c and 2d shows two
structures, representing Tiles 523 and 600, with their storm
points arranged vertically and only minor irregularities, amount-
ing to 15%. The structures demonstrate clear boundaries and
small WS ranges, which indicate AWSC effectively detects storm
points while maintaining stable prevailing directions.

The data shows that AWSC achieves high physical accuracy
throughout all tiles. The reference tiles 523 and 600 exhibit
extreme and stable physical behaviour, while Tile 431 performs
at a middle level and Tile 395 needs better density adaptation
and weight distribution. The analysis of these results leads to
the development of new methodological approaches, which are
presented in the following item.

The following methodological improvements have been de-
veloped to boost both statistical accuracy and realistic model
behaviour. The AWSC-related hyperparameters remain con-
stant across the four tiles unless specified otherwise, and their
exact values are provided in section 3 for transparency and re-

producibility.

a. Redefinition of the Storm Mask: The storm-frequency cri-
terion should replace the current wind-speed threshold
for storm identification:

fi =
N(WS > 25)

Ntotal
. (9)

The storm regime classification occurs when points show
more than 5% storm occurrence based on their fi val-
ues (e.g., temporal aggregation per point, justifying the
threshold despite overall rarity<0.04%). The new method
removes short-lived wind spikes while creating a more
reliable method to identify storm and non-storm condi-
tions.

b. Fisher-Score Weighting: The Fisher discrimination ratio
should replace intra-variance weighting to calculate ωm
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values[41], [42]:

ωm ∝
Varbetween (m)
Varwithin (m)

, (10)

The new weighting system produces better cluster sep-
aration which results in improved Silhouette scores be-
tween 0.05 and 0.10.

c. Adaptive ε per Cluster: The adaptive neighborhood ra-
dius εc is defined as a function of tile-specific wind statis-
tics. This idea is related to recent adaptive DBSCAN ap-
proaches in energy applications [43], but the exact for-
mulation used here is proposed in this work. The local
neighborhood size εc should be calculated through the
following formula:

εc = ∝ median (k−distancec) , (11)

The method adjusts ε values based on local density to
prevent excessive fragmentation in areas with low point
density such as Tile 395.

d. Dynamic Weight Constraint: The dominant wind-speed
weight ωWS should stay within the range of 1.0 to 3.0
during each iteration to preserve equal feature influence
and prevent vertical banding.

The analysis requires synthesising results before presenting
the findings. The research demonstrates that AWSC achieves
both statistical learning and physical interpretability, success-
fully identifying storms while maintaining directional consis-
tency and improving energy-based clustering performance over
standard clustering methods. The results show that AWSC per-
forms well, but Silhouette scores across regions indicate oppor-
tunities to improve density adaptation and feature weighting.
The main findings and proposed improvements are presented in
Table 8, which shows the current status of each aspect alongside
the proposed methodological improvements.

Table 8: Summary of AWSC performance and enhancement
priorities.

Source: Authors.

The Silhouette score will increase to 0.6–0.7 after these
improvements which will provide both numerical stability and
physical meaning for different offshore settings.

While initial parameter tuning with Fisher-based weighting
and adaptive ε led to refinement improvements on densely data
covered tiles (see Appendix C, Table C1), it failed to general-
ize to very sparse and homogeneous cases. This work explore

a hybrid refinement approach that combines both Fisher-based
weighting and intra-variance weighting with density-aware damp-
ening.

The hybrid refinement strategy for AWSC aims to main-
tain stable performance gains while fixing current system lim-
itations. The improved system achieves balanced performance
across dense and sparse offshore wind areas through three method-
ological enhancements that operate simultaneously.

a. Adaptive ε Smoothing.
The neighbourhood radius will adjust automatically based
on cluster density levels and data point density in each
cluster through the following formula [43]:

εc = αmedian(dk)c

(
1 +

β

Pcρ

)
(12)

The local point density within cluster c is denoted by ρ
while β ≈ 0.3 functions as a correction factor to stop clus-
ter fragmentation in sparse areas (e.g., Arctic tiles). The
modification maintains tight cluster structures in high-
density zones and extends cluster connections through
sparse areas.

b. Hybrid Weighting Mechanism.
To balance discriminative sensitivity with stability, a com-
posite weighting function is introduced:

ωm = (ωFisher)λ (ωintra)1−λ , λ ≈ 0.6. (13)

The weighting function maintains its ability to focus on
meaningful physical variables through the Fisher com-
ponent while reducing excessive sensitivity to variance,
thereby improving weight convergence.

c. Density-Aware Weight Dampening.
The algorithm reduces average feature weights by 10–
20% when the data exhibit low variance and limited ob-
servations. The measure prevents one variable from dom-
inating the results while maintaining equal-distance met-
rics across different environmental conditions. The pro-
posed improvements will yield Silhouette coefficient val-
ues between 0.6 and 0.7 across all representative tiles,
achieving an optimal balance among statistical compact-
ness, aerodynamic interpretability, and computational ef-
ficiency. The upcoming update will create a hybrid re-
finement process which combines statistical learning meth-
ods with physical system adjustments to enhance the AW-
SC framework for worldwide offshore wind pattern eval-
uation.

The hybrid refinement stage of the AWSC framework achi-
eved its most balanced configuration during this research. The
algorithm achieved an optimal balance between physical sta-
bility, statistical quality, and model complexity by combining
Fisher–Intra weighting, adaptive “ε” smoothing, and density-
aware dampening. The model achieved physical and statistical
consistency through these parameters:
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• The Silhouette and Davies–Bouldin (DB) indices for all
four representative tiles showed stable and physically valid
values between 0.54 and 0.63 for Silhouette and 0.43 and
0.64 for DB, which indicated proper separation of aero-
dynamic regimes.

• The physical behaviour in both low-density areas (Tile
600) and regions with high environmental variability (Tile
395) became stable because the refined ε - smoothing
method stopped over-fragmentation in sparse areas while
preserving wind direction structures.

• The mean physical weight (ω−≈ 1.05) stayed near 1, which
showed that no single meteorological factor controlled
the clustering process, thus preserving physical equilib-
rium between kinetic, thermodynamic, and directional
components.

The storm-removed conditions produced the results which
Table 9 presents, while Figures 3a-d show the corresponding
spatial patterns. The results demonstrate a unified enhancement
across all tested scenarios.

Table 9: Quantitative Results of Hybrid AWSC Refinement
(Storm-Removed Conditions).

Source: Authors.

The Silhouette value in the Pacific Trades (395) area in-
creased from 0.44 to 0.56, reflecting an increase in compactness
and a decrease in vertical banding. The new weighting system
eliminated unneeded micro-clusters while safeguarding sparse
regions from distortion and maintaining directional precision.
The new approach produced the results shown in Figure 3a for
tile 395.

The Tropical region (431) experienced a reduction in sub-
cluster numbers from 26 to 8, demonstrating that hybrid weight-
ing methods achieved both goals: reducing noise expansion and
maintaining aerodynamic arc continuity. The Tropical region
(431) result appears in Figure 3b.

The North Sea (523) tile maintained its high compactness
(Sil ≈ 0.63; DB ≈ 0.44) because the hybrid formulation op-
erated optimally in this mid-latitude environment, which re-
tained both statistical power and physical relevance. The hybrid
AWSC clustering method produced the results shown in Figure
3c for tile 523.

The Arctic region (600) achieved a unified structure (Sil
≈ 0.62; DB ≈ 0.43) through density-aware dampening, which
managed the wind-speed feature to prevent over-sensitivity in

areas with low variance. The results are shown in Figure 3d for
tile 600. The hybrid refinement stage demonstrates that AWSC
can achieve a stable equilibrium between the physical and sta-
tistical domains across different offshore environments. The
model reaches a robust, stable configuration for regime iden-
tification, as it no longer shows significant changes in its com-
pactness or density calibration.

Hybrid AWSC’s ability to support globally scalable com-
putation was tested on all offshore tiles, with results in offload
computed on the grid of 240 tiles, totaling 134,475 individual
grid points. For each tile, a histogram of the corresponding Sil-
houette scores is shown in Figure 4, along with the global mean
(0.572) and median (0.566) Silhouette scores for the 239 tiles
that resulted in valid clusters. 71% of those tiles had scores
greater than 0.50, denoting high quality clusters.

Using a dual-path storm separation technique, storms were
identified in 16 of 239 tiles. The storms are concentrated in sev-
eral locations, primarily in the Southern Ocean between 40◦S
and 70◦S (Figure 5). These locations correspond to the highest
energy region of the global ocean and therefore provide strong
physical support for the storm separation technique. The dual-
path storm separation effectively distinguishes between high-
energy storm events and background wind fields at a planetary
scale.

Figure 4: Distribution of AWSC Silhouette coefficients across
239 global offshore tiles. The global mean Silhouette score is
0.572 (dashed red) with a median of 0.566 (dotted green). The
quality threshold of 0.50 (dash-dot orange) is exceeded by 71%
of tiles. Lighter bars indicate tiles below the threshold. The
distribution confirms that AWSC maintains consistent cluster-
ing quality across diverse climatic zones from tropical to polar
regions.

Source: Authors.

Research investigators can choose between two additional
development paths to enhance the model for future studies that
involve validation or meta-clustering analysis:

The model should implement self-adaptive ‘ε’ and ‘γ’ op-
timisation through tile-specific ‘ε c’ and Fisher-weighting fac-
tors ‘γ,’ which adjust automatically based on cluster density,
anomaly rates, and local Silhouette stability.

The system should perform multi-scale fusion and meta-
clustering by uniting all refined tile centroids to create higher-
level regimes for worldwide wind-pattern evaluation.
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Figure 3: Hybrid AWSC clustering method 3a-3d.

Source: Authors.

Figure 5: Global distribution of AWSC-identified storm
regimes across 239 offshore tiles. Storm points (WS > 25 m/s)
were identified in 16 tiles (663 storm points total), concen-
trated in the Southern Ocean between latitudes 40◦S and 70◦S.
Grey dots represent tiles with no storm classification. The geo-
graphic concentration validates the dual-path storm separation
approach.

Source: Authors.

The hybrid AWSC configuration delivers the best local-tile

solution with physical consistency. Still, researchers can use
these additional features to build their global-level clustering
and validation system in the following research stage.

5. Validation, Sensitivity Analysis and Discussion.

The following section presents the AWSC framework and
demonstrates its physical and statistical stability across differ-
ent offshore settings. The evaluation process combines numer-
ical validation, sensitivity testing, and comparative interpreta-
tion to verify that AWSC meets both machine-learning stan-
dards and aerodynamic accuracy requirements. The analysis of
AWSC results focuses on four offshore tiles (395 Pacific Trades,
431 Tropics, 523 North Sea and 600 Arctic) which represent
different wind density levels and variability patterns.

The validation process combined statistical methods with
physical evaluation techniques. The Silhouette coefficients (0.54–
0.63) and Davies–Bouldin (DB) indices (0.43–0.64) indicate
that AWSC generated well-defined clusters that remained sepa-
rate across all study areas. The Calinski–Harabasz (CH) scores
exceeded 1,000 for all cases, indicating that the clusters showed
substantial differences. The WS–WD (wind-speed–direction)
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plane maintained aerodynamic coherence across each tile by
displaying stable wind directions, smooth transition zones, and
distinct high-energy storm patterns. The AWSC method main-
tained a separate identification of rare events while preserving
the stability of the main weather pattern. The model clusters
show enduring wind patterns instead of short-lived statistical
patterns, which match the actual physical processes that drive
offshore energy movement.

The validation of the obtained clustering structures is based
on internal clustering measures, namely the Silhouette, Davies–
Bouldin and Calinski–Harabasz indices, which evaluate the qual-
ity of the obtained partitions, but not their physical correctness
relative to independent observations. This work is intended to
be a first step toward validation; in future work will compare
results obtained with the AWSC storm regime against a com-
prehensive storm database, IBTrACS, and against time-series
of wind speed and direction from offshore buoys and meteoro-
logical masts for specific tiles.

The sensitivity analysis determined how well AWSC re-
sponds to changes in its main adjustable parameters, including
ε for density refinement, “ω WS” for wind-speed weighting in
the physics-based distance calculation, and the storm-event pro-
portion. The results demonstrated that “ε” is the most crucial
parameter: small values of “ε” led to excessive fragmentation
in sparse areas of Tile 395, whereas adaptive, cluster-specific
“ε” values achieved compactness while keeping anomaly rates
below 25%. The “ω WS” parameter showed an average sen-
sitivity to changes because its range of 1.0 to 3.0 maintained
equal importance between velocity and direction features, pre-
venting the formation of vertical bands and excessive segment
division. The storm ratio parameter influenced only the dimen-
sions of storm clusters, not the fundamental aerodynamic struc-
ture of the dual-path design.

The research findings demonstrate that AWSC maintains
both statistical stability and physical adaptability because dif-
ferent parameter values produce controlled changes in cluster
shapes without distorting the fundamental energy patterns. The
validation results and parameter sensitivity data for AWSC are
documented in Table 10 across all studied tiles.

Table 10: Summary of Validation and Sensitivity Indicators.

Source: Authors.

The comparative analysis reveals how AWSC achieves ma-
chine - learning generality through physical meaning imple-
mentation. The research question of whether a physics-aware
clustering system can enhance both the accuracy and the in-
terpretability of offshore wind regime classification receives a

positive answer.

a. Comparison with Conventional Models: Traditional al-
gorithms demonstrate specific yet restricted operational
capabilities.

• K-Means efficiently partitions data through Eucli-
dean distances, but fails to recognise feature impor-
tance differences, which results in rigid boundaries
that do not respond to wind changes.

• DBSCAN and OPTICS algorithms detect local den-
sity patterns, but their performance depends heavily
on ε values, which results in incorrect storm classi-
fication as noise.

• GMM adds probabilistic smoothing to its model,
but its Gaussian distribution fails to match multi-
modal meteorological data, which results in clus-
ter overexpansion. AWSC achieves physical aware-
ness through its integration of aerodynamic and ther-
modynamic weights in its distance metric, which
produces clusters that duplicate actual wind flow
patterns rather than statistical ones.

b. Physical Interpretation of Results: The AWSC system
achieved an optimal balance between physical stability,
statistical quality, and model complexity through its final
configuration. The system achieved statistical regime co-
herence through Silhouette values of 0.6 and DB values
of 0.5 across all tiles. The physical results show that the
system produces stable energy pathways. For instance,
Tile 523 (North Sea) shows stable westerly wind patterns
and low turbulence, enabling reliable power generation.
The Arctic region of Tile 600 shows minimal density
and temperature changes while maintaining distinct cir-
culation patterns, indicating strong stability under sparse
aerodynamic conditions. The semi-periodic directional
arcs in Tile 431 show convective cell patterns, while Tile
395 shows how steady trade winds interact with occa-
sional disturbances. The physical accuracy of AWSC re-
sults becomes evident because the system produces re-
sults that match different geographical areas.

c. Statistical–Physical Synergy: AWSC achieves its main
success through its ability to preserve numerical perfor-
mance indicators which match physical system behaviour.
The Silhouette value improvement in this system directly
links to better aerodynamic cluster interpretation. The
adaptive reweighting system makes wind speed and air
density the primary factors in cluster development while
preserving all directional data points. The system trans-
forms statistical optimisation into a physically based learn-
ing system which connects data-driven models to physics-
based models of atmospheric flows.

d. Computational and Practical Advantages: The method
shows superior performance in terms of computational
speed. The system’s hybrid approach achieved fast pro-
cessing times of 5–44 seconds for datasets containing
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more than 3000 points, with linear performance improve-
ment. The modular structure of AWSC enables users to
merge its storm masking and adaptive weighting func-
tions with large-scale ERA5 workflows and digital twin
systems for offshore wind farm management. The frame-
work operates as an operational analytics and energy fore-
casting tool which goes beyond theoretical value.

e. Broader Implications and Research Significance: The sys-
tem achieved an equilibrium between physical stability
and statistical robustness and model complexity at the
point where Silhouette values ranged from 0.54 to 0.63,
and DB values ranged from 0.43 to 0.64, and “ω” values
stayed at 1.05. The system has achieved its maximum
performance at this point because:

• The system has achieved its strong performance for
cluster separation and compactness;

• The system maintains physical stability throughout
areas with low density and high variability;

• No individual factor controls the clustering process.
The research confirms that integrating aerodynamic
principles into unsupervised learning methods yields
better results for wind-energy regime identification.

The research establishes AWSC as a fundamental method
for developing meta-clustering systems and global regime map-
ping, which enables the combination of regional centroids into
climatological archetypes for the Global Wind and Exergy At-
las. The system allows researchers to create a unified physical
model of offshore wind systems which extends beyond individ-
ual regional studies.

The findings in Sections 4 and 5 address the research ques-
tions posed in Section 1. The first question concerned whether
application of physics - aware clustering with thermodynamic
weighting and storm separation improved regime quality for
different climates and basins. High Silhouette coefficients of
0.54–0.63 for the four representative tiles (395, 431, 523, and
600) spanning tropical to polar climates were obtained using
the hybrid AWSC. Regime quality was significantly improved
and, for some cases, exceeded by the hybrid AWSC compared
to the best performing baseline method, which achieved scores
of 0.10–0.51 (Table 6).

The second question was if adaptive density refinement with-
out manual per-region tuning achieves robust results. Table 10
shows that feature weights converge towards one (ω? ≈ 1.05)
indicating AWSC’s ability to self-calibrate. The third question
then was how explicit storm separation improves clustering re-
sults quality. Maintaining 100% of all data points within a tile
was critical to capturing separate storm regimes in 16 out of 239
tiles globally (Figure 5). However other methods, such as DB-
SCAN and OPTICS, sacrificed up to 91% of all data as ’noise’.
By utilising a dedicated storm identification process, not only
was 100% of data passed to the regime detection methods for
every tile, but both data completeness and regime characterisa-
tion accuracy were greatly enhanced.

The validation results, together with the sensitivity analy-
sis and comparative evaluation, demonstrate that AWSC fulfils
its dual objective of achieving both statistical accuracy and re-
alistic physical behaviour. The storm-aware, physics-weighted
adaptive structure of AWSC establishes a new scientific learn-
ing framework that combines data-driven clustering with hybrid
approaches. The method detects both natural wind fluctuations
and fundamental wind physics, producing clusters that meet
numerical standards and retain their ability to represent wind
energy patterns. The technique establishes itself as a leading
physics-informed approach for offshore wind regime identifica-
tion and provides an excellent foundation for executing global
meta-clustering operations.

6. Conclusion and Future Work.

The study developed and tested a hybrid storm - resistant
framework (AWSC) that uses physical principles to analyse off-
shore wind patterns. The study investigated whether combin-
ing physical understanding with adaptive weighting methods
within unsupervised learning systems would yield better re-
sults for offshore wind-energy regime identification. The in-
vestigation used four different global areas (Pacific Trades (Tile
395), Tropics (Tile 431), North Sea (Tile 523), and Arctic (Tile
600)) to demonstrate that the proposed solution works effec-
tively. The Adaptive Weighted Storm-Aware Clustering (AWSC)
approach combines standard statistical methods with physically
meaningful energy modelling. The AWSC system uses ther-
modynamically weighted metrics to replace standard Euclidean
distance measurements because these metrics better represent
how meteorological variables affect offshore energy and exergy
potential. The dual-path storm separation system in AWSC
treats extreme wind events as actual weather patterns rather
than statistical outliers. The adaptive re-weighting mechanism
in AWSC uses intra-cluster variance and density feedback to
perform iterative adjustments that enhance feature importance.

The quantitative validation process showed that AWSC per-
forms equally well across both statistical and physical evalu-
ation metrics. The Silhouette coefficients range from 0.54 to
0.63, and the Davies–Bouldin indices range from 0.43 to 0.64,
indicating that the clusters are well-defined and separate, with
minimal overlap. The mean normalised physical weight (w? ≈
1.05) indicates an equal distribution between aerodynamic and
thermodynamic factors, preventing any single feature from con-
trolling the clustering results. The results show that AWSC suc-
cessfully extracts offshore wind regime dynamics through its
ability to maintain energy accuracy and statistical consistency,
and to achieve fast computational speed (5–44 s per tile). Us-
ing AWSC across the planet yielded a mean Silhouette score of
0.572, and 71% of the 239 tiles had score greater than 0.50, in-
dicating good quality storm regimes. Storm regimes were iden-
tified in 16 tiles, all of which were concentrated in the Southern
Ocean.

A leading physics-informed approach to wind regime clas-
sification using physics-based machine learning is AWSC, which
produces optimal clustering results and maintains scientific mean-
ing in its output structures that match actual atmospheric pat-
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terns. The method establishes a solid foundation for studying
offshore wind systems at different scales, from individual op-
erational areas to global climate patterns, while helping imple-
ment data-driven models into energy and exergy optimisation
systems.

The research findings from this study create multiple oppor-
tunities for scientists to explore new directions in their work.

• Global Meta-Clustering and Regime Atlas Development:
The following research step requires performing hierar-
chical meta-clustering operations on regime centroids ex-
tracted from all offshore tiles (≈ 240 valid global tiles).
The process of integrating local wind patterns into global
climatic patterns will produce a Global Wind and Exergy
Atlas that displays oceanic wind systems in their natural
patterns.

• Integration with Exergy and Power Modelling: The up-
coming research will use AWSC outputs to calculate en-
ergy and exergy fluxes in each regime, which will enable
turbine model integration and optimisation system devel-
opment. The research connects wind pattern identifica-
tion to power conversion performance and operational
management systems for offshore renewable energy gen-
eration.

• Self-Adaptive Parameter Learning: The model will achie-
ve better performance in handling different regional den-
sity levels through the implementation of cluster-based
self-adaptive ε and Fisher-based feature weighting meth-
ods. The model can learn its parameters automatically
through reinforcement learning or Bayesian optimisation,
resulting in complete self-calibration.

• Uncertainty Quantification and Temporal Dynamics: The
AWSC model successfully identifies spatial patterns, but
researchers have not yet solved the problem of tracking
wind regime changes over time. The upcoming version
will combine time-dependent clustering with uncertainty-
prediction methods to study seasonal and annual changes
in the wind regime, which are essential for offshore wind
resource planning over extended periods.

• Implementation in Operational Digital Twins: The AWSC
pipeline should be integrated into digital twin systems
for offshore wind farms to create real-time monitoring
and predictive analytics capabilities. The system integra-
tion enables storm anomaly detection at early stages, im-
proves turbine control methods, and enhances the overall
performance and durability of offshore wind systems.

The research shows that adding physics-based information
to unsupervised learning transforms clustering from a mathe-
matical process into a scientific modelling system. The AWSC
method achieves better clustering results while preserving the
natural energy patterns of atmospheric systems, thereby link-
ing data analytics to actual offshore wind system behaviour.
The technique creates an expandable, understandable frame-
work that will support the development of future machine -

learning-based exergy and sustainability tools for offshore wind
energy.
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Appendix.

Appendix A. Baseline Clustering Scatter Plots for Representa-
tive Offshore Tiles.

In this appendix, 2D wind speed vs wind direction scatter plots
for the four baseline clustering approaches (K-Means, DBSCAN, OP-
TICS, GMM) are provided for the four representative offshore tiles.
Results are displayed with each cluster shaded in colour and centroids
labelled. For approaches that support the identification of non-clustered
data (noise), grey points are shown to represent these regions of the
scatter plot. Each method is accompanied by summary results in Table
6 in the main text.
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Appendix B. Preprocessing Fidelity Validation Across Repre-
sentative Offshore Tiles.

This appendix shows relative deviations for wind-speed statis-
tics of the raw data compared to the preprocessed (Z-score nor-
malised and PCA-reduced) data for the four represented off-
shore tiles. The three figures show that the data is processed
in a way that preserves important physical characteristics of the
raw data.

Fig. B1. Relative deviation in mean wind speed (∆Mean)
for four offshore tiles. For both normalisation method (Z-
score) and reconstruction method (PCA) the deviation ∆Mean
is 0.00%.

Fig. B2 Relative deviation in wind speed standard deviation
(∆Std) between raw and preprocessed data for four example off-
shore tiles (PT—Pacific Trades and Tropics, A—Arctic). Rela-
tive deviations for all tiles are: −0.85 % (PT), −0.05 % (A). All
deviations are within ±10 % of acceptance threshold.

Fig. B3 Relative deviation in turbulence intensity (∆TI) for four
typical offshore tiles. The ∆TI follows the standard deviation
pattern and ranges from −0.85 to −0.05%. The important fea-
ture is that the ratio of variability to mean wind speed is pre-
served by the preprocessing steps used in this study.

Appendix C. Intermediate Enhanced AWSC Configuration Re-
sults.

This appendix presents some intermediate results obtained
using enhanced versions of the AWSC algorithm. The enhanced
configuration uses Fisher-based feature reweighting, dynamic
wind-speed weight constraints on the neighbour feature weights,
and adaptive neighbour calibration before the hybrid refinement
step described in Section 4. Although these enhancements im-
proved the performance on tile 395, 523, they decreased the
performance on tile 431, 600.

Table C1. Comparative Performance of Baseline and Enhanced
AWSC Configurations Under Storm-Removed Conditions.

For the enhanced settings the results show that the silhou-
ette value improved by +0.09 for 395 and +0.11 for 523, along
with a decrease in DB values signifying a more compact cluster.
However, there is a slight over-segmentation (∆Sil = –0.09) for
Tile 431 since Fisher weighting can amplify small variations in
density and pressure fields, and a decline in performance (∆Sil
= –0.24) for Tile 600 since the Fisher ratio is overly sensitive
for the constant Arctic wind field. In Section 4 introduce a
hybrid refinement approach that utilises Fisher weighting and
intra-variance weighting, and applies density-aware dampening
in order to obtain uniform results across all climatic scenarios.
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