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Analyses of variability of offshore wind resources using multi-dimensional atmospheric data are per-
formed using clustering methods. Evaluating the quality of the clustering results becomes a challenging
task when dealing with large number of features. The reasons behind this are that visual interpretation
of the resulting low-dimensional representations of clusters is not clear and stable, because of the poor
separation between clusters and the instability in the composition of the clusters. This work studies the
effects of increasing the number of features in the data on the clustering performance, stability and in-
terpretability in the context of offshore wind data, by applying a dimension-aware and stability-oriented
methodology. A multi-dimensional offshore wind dataset from a controlled experimental testbed was
derived from reanalysis-based atmospheric variables. The datasets were divided into four tiles that rep-
resented the diversity of offshore wind resources and were subjected to high-level clustering analyses.
The progression of the clusters in decreasing orders of feature dimensions (from low to high) and their
implications were investigated. In addition to widely used validity indices, other stability indices were
introduced to analyse the stability of the clusters, the stability of cluster assignments, and the sensitivity
of the clusters to new variables. The research investigates two aspects of cluster result analysis from
high-dimensional data through studies of fixed quality evaluation methods and the reliability of low-
dimensional projection techniques. The research shows that two- and three-dimensional visualizations
produce incorrect cluster overlap and weak separation perceptions although the original feature space
shows large distances between cluster centers. The methodological evaluation of high-dimensional
clustering faces a major failure mode because of this phenomenon which scientists call projection-
induced misinterpretation. Cluster analysis is not necessarily subject to the curse of dimensionality, as
many clustering problems are a result of data visualization and dimensionality reduction limitations.
This study addresses dimension-aware scenario design, stability-driven validation, use of the true high-
dimensional structure of the data as a reference and the need for explicit projection auditing. The
experimental results demonstrate that any reliable cluster analysis solution for high-dimensional data
space has to at least include dimension-aware scenario design, stability-driven validation and explicit
projection auditing. The purpose of this paper is to establish some rules of thumb for scientists for
experimental design and presentation of results to facilitate cluster analysis investigations of offshore
wind resources in high-dimensional data space.
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1. Introduction.

Unsupervised clustering has become a widely adopted tool
for analyzing offshore wind datasets, enabling the identifica-
tion of wind regimes and dominant atmospheric patterns from
large-scale reanalysis products. Research has proven that clus-
tering methods work well for wind pattern identification which
helps wind energy professionals conduct wind resource assess-
ments through proper selection of wind characteristics and their
combination[1], [2]. The increasing precision of atmospheric
reanalysis data makes clustering methods more appropriate for
offshore wind studies because new feature extraction methods
allow researchers to describe wind patterns effectively in differ-
ent wind conditions [2].

The analysis of offshore wind data now uses clustering meth-
ods which operate in feature spaces that contain wind speed
data together with atmospheric variables including temperature
and pressure and air density and wind characteristics. The use
of higher-dimensional representations which should improve
physical offshore wind system modeling creates new challenges
for researchers who need to assess and understand these sys-
tems. In particular, conventional clustering studies often rely on
a limited set of cluster validity indices to assess performance,
without explicitly examining how clustering behavior changes
as feature dimensionality increases [3], [4]. Researchers need to
verify the stability and dependability of clustering results which
occur when clustering methods operate in high - dimensional
spaces.

The interpretation process becomes easier when researchers
display their clustering results through two- or three - dimen-
sional visualizations which stem from dimensionality reduction
methods including principal component analysis (PCA) and t -
distributed stochastic neighbor embedding (t-SNE) and uniform
manifold approximation and projection (UMAP). The methods
function as basic analytical instruments which help users gen-
erate basic visualizations from complex data sets in machine
learning and data analysis. Visual analytics research demon-
strates that high-dimensional data analysis through dimension-
ality reduction methods results in major modifications to both
spatial relationships between points and their neighboring pat-
terns [5], [6], [7]. The distortions create false visual representa-
tions which make it difficult to determine cluster separation or
overlap even though the clusters maintain their correct positions
in the original feature space [6].

Research results show that users must avoid depending on
reduced-dimensional representation accuracy because these vi-
sualizations need to support analytical decision-making pro-
cesses. Research using quantitative methods demonstrates that
projection methods maintain specific local patterns but they al-
ter the way different clusters connect to each other which results
in reduced interpretability [5], [8]. The existing research about
visual analytics and machine learning limitations contains well-
known information but scientists have not studied these restric-
tions in detail for offshore wind clustering applications.

The research community now recognizes cluster stability as
an essential factor which helps validate clustering results be-
cause it shows how well clustering solutions maintain their sta-
bility when researchers apply different types of data perturba-
tions. Research studies show that stability analysis functions
as an essential evaluation technique for unsupervised learning
systems which need to be tested[9], [3], [4]. The assessment
of stability occurs independently from visualization methods
yet researchers have not studied how projection distortions af-
fect cluster separation and robustness in high-dimensional wind
data.

The current research investigates how increasing feature di-
mensionality and different cluster numbers affect clustering out-
comes through its analysis of a controlled four-tile offshore
wind dataset.The research investigates methods to evaluate and
interpret clustering results which emerge when analyzing big
datasets that contain various features. The evaluation of clus-
tering results receives special focus because projection-induced
misinterpretation stands as a methodological evaluation failure
mode which distorts actual cluster relationships through sim-
plified low-dimensional visualizations. The research combines
dimension-aware clustering design with stability-oriented eval-
uation and physics-informed interpretability considerations to
establish a framework which enables better analysis and report-
ing of offshore wind clustering results.

2. Background.

The analysis of offshore wind resources now depends on
unsupervised learning methods which reduce extensive atmo-
spheric data patterns into essential operational regimes for de-
sign work and weather prediction and energy production eval-
uation. Research indicates that clustering methods can iden-
tify wind states from reanalysis and hindcast data which scien-
tists can use to study how these states affect seasonal patterns
and daily cycles and their impact on wind energy production
[1]. Offshore wind assessments now use multi-variable feature
spaces to represent wind regimes because they need to describe
wind conditions that single-variable wind speed measurements
cannot separate[2].

Research on domain studies shows that regime discovery
methods function well but requires proper execution for their
successful application. Huang et al. demonstrated offshore
wind energy assessment through clustering-based parameter es-
timation which proves that unsupervised methods can effec-
tively perform regime-oriented resource assessment[1]. Schel-
bergen et al. The research demonstrates cluster high - dimen-
sional wind profile shapes for airborne wind energy statistics
which shows how wind applications now use profile-level and
multi-feature structure instead of depending on scalar predic-
tors[2]. The Argonne National Laboratory report by Mitra demon-
strates an extensive offshore framework which uses PCA and
SOMs and k-means to identify long-term offshore wind regimes
and analyze their distinct operational patterns for offshore de-
sign and siting applications[10]. The SOM - based weather
regime analysis of ERA5 reanalysis data for offshore operations
revealed that mesoscale regime classification systems identify



H.R. Soltani Motlagh et al. / Journal of Maritime Research SPECIAL ISSUE (2026) 101–117 103

essential wind patterns which affect daily capacity-factor per-
formance [11]. Research has applied synoptic-pattern cluster-
ing to link circulation patterns with combined offshore wind
power output and wind speed changes which show that weather
pattern shifts create significant patterns in offshore power gen-
eration and its peak changes [12].

The successful applications of these methods use feature di-
mensionality as a predetermined design parameter instead of
an experimental factor which researchers can manipulate. Off-
shore regime papers define a set of features which they use to
run a clustering process to identify regimes but they do not pro-
vide methods to measure how regime patterns change when new
features are added step by step (e.g. from 2D to 3D to 5D and so
on); the papers lack methods to determine when new variables
enhance regime accuracy without creating unstable redundant
patterns [10], [13], [12]. The current lack of research meth-
ods becomes more critical because offshore datasets now con-
tain more detailed information (e.g. wind speed and direction
data combined with thermodynamic variables and stability in-
dicators). The behavior of high-dimensional clustering systems
becomes significantly different when new features are added to
the data while the data scales and correlations between variables
change.

The interpretation of high-dimensional clustering data re-
quires dimensionality reduction (DR) methods which produce
low-dimensional projections through PCA and t-SNE and UM-
AP techniques. The projections serve as visual proof to show
how clusters stay separate from each other and how they overlap
with each other and their distance from each other which leads
to conclusions about regime stability and distinctiveness. Vi-
sual analytics research shows that DR embeddings produce in-
correct visualizations which lead users to misinterpret complex
high-dimensional relationships because they rely on 2D/3D vi-
sualizations[6]. The survey about reliability in DR-based vi-
sual analytics shows how three factors which include distortion
and workflow coupling and interpretability failure can damage
scientific findings despite proper execution of analytics [14].
The research demonstrates through cross-domain empirical cri-
tique that DR applications produce numerous incorrect results
which analysts incorporate into their analytical procedures be-
cause they treat projected views as absolute representations of
global patterns [15]. The research results establish the need for
projection-aware validation because scientists use low - dimen-
sional visualizations to prove their high-dimensional clustering
results.

The present methods used to evaluate embedding quality
fail to assess the dependability of projection outcomes which
occur during clustering operations. Jeon et al. The research de-
velops methods to measure inter-cluster reliability which show
how well cluster relationships maintain their connections be-
tween the original data space and the projected space while
addressing a major weakness of neighbourhood-preservation
metrics for cluster separation and configuration analysis [6].
The research by Machado et al. The research demonstrates
that achieving high scores on standard projection quality as-
sessment tools does not ensure that projections will produce
accurate or meaningful results; the evaluation metrics fail to

detect when projections produce confusing or deceptive visual
patterns which indicates that metric-pass does not guarantee
trustworthy interpretation [16]. Research into new methods for
reliability assessment has developed through two main areas
which detect missing data points in maps and establish math-
ematical tests to identify problematic interpretation issues in
UMAP and t-SNE embeddings [17]. Visual analytics systems
of today combine DR technology with cluster validation meth-
ods to conduct evidence-based statistical analysis of complex
high-dimensional data environments. The field of cluster inter-
pretation through projections now operates as an active research
domain which exceeds its former status as a completed sub-
ject [18]. The existing research demonstrates that offshore wind
regime studies experience a specific failure mode which occurs
when projection methods create false impressions about cluster
proximity in 2D/3D visualizations even though these clusters
maintain their distinct positions in the original feature space.

The third fundamental methodological base requires resear-
chers to create proper evaluation methods which help them de-
termine the quality of their cluster solutions. Static internal va-
lidity indices, particularly the silhouette coefficient, are widely
used to report clustering “quality” and to select the number
of clusters. The research approach for stability-based analysis
demonstrates that one fixed score value does not work well for
unsupervised learning because important cluster patterns need
to survive different types of data modifications including re-
sampling and feature addition or deletion and noise addition
[4]. The complete assessment establishes stability as an evalua-
tion method which works for unsupervised clustering when no
external validation data exists and demonstrates how stability
patterns reveal how models respond to different modeling de-
cisions [3]. Hennig’s cluster-wise stability framework provides
an influential foundation for evaluating stability at the cluster
level rather than treating stability as a single global number,
supporting more diagnostic evaluation [9]. The concepts gain
greater importance when working with high-dimensional off-
shore wind data because new variables enhance physical de-
scription but create stability problems when they increase noise
levels and redundant information and scaling errors.

The research on offshore wind power shows that multivari-
ate regime characterization methods work effectively for prac-
tical applications. The DR reliability research shows that low-
dimensional projection methods face two major problems which
include data distortion and reduced interpretability. The stabil-
ity literature shows that unsupervised inference methods need
to be resistant to perturbations for producing defensible results.
This work constitutes a single unified contribution to the field
of data clustering. The main contributions of this work are
four fold: 1) demonstrating the importance of dimension aware
scenario design in order to understand how clustering behavior
changes with the dimensionality of the feature space; 2) demon-
strating the importance of stability driven validation metrics in
order to differentiate between meaningful cluster structures and
trivial partitions; 3) demonstrating that the high dimensional
centroid geometry should be considered as the primary struc-
tural metric for clustering; and 4) that any distortion measure
provided in relation to projections should also be provided in
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relation to dimensionality reduction techniques used for data
visualization, so that the distortion due to dimensionality re-
duction is understood and separated from the intrinsic structure
of the data and not from its visualization. The usefulness of
dimensionality reduction as a data visualization tool is not con-
troversial. However, it is important to understand and quantify
the distortion that is introduced, so that one can tell what in the
data visualization is data and what is distortion.

Table 1: Comparative Evidence Map of Offshore Wind Cluster-
ing, Stability, and Projection Reliability.

Source: Authors.

The research evidence presented in Table 1 shows that sci-
entists now use unsupervised clustering to analyze atmospheric
complexity because this method produces meaningful wind re-
gimes which help with wind resource evaluation and weather
prediction and system performance monitoring. Research con-
ducted in particular fields shows that clustering techniques ex-
tract important wind patterns from both reanalysis and observa-
tional data which connect to time-dependent patterns and pro-
duction changes and wake dynamics. The offshore assessment
process using clustering methods shows that multivariate regime
discovery allows researchers to determine parameters and study
resources by studying wind speed and direction and vertical
structure as a single system [1], [2]. The Argonne National Lab-
oratory regime classification system demonstrates how to use
dimensionality reduction with clustering methods to analyze
offshore wind data from multiple decades for identifying nor-

mal operating conditions and abnormal system behavior[10].
Research which unites self-organizing maps with ERA5 cir-
culation data and synoptic-pattern clustering methods demon-
strates that regime-based models remain essential for studying
offshore wind power fluctuations which produce power ramp
events [11], [12].

The evidence map shows that researchers do not commonly
use feature dimensionality as an experimental factor. Offshore
wind clustering research uses established multivariate features
for analysis before it moves to identify regimes and interpret re-
sults without studying how new variables affect the established
regime patterns. The offshore regime frameworks which em-
ploy multivariate descriptors fail to show how their systems re-
act to changes in feature selection [10]–[14]. The existing re-
search provides no clear direction about when using more com-
plex models will enhance the accuracy of regime identification
but will not create unnecessary information or system problems.
The research on stability-focused clustering presents an oppos-
ing perspective because experts agree that data clusters need to
preserve their structure to uncover vital unsupervised patterns
when reference labels are unavailable [3]. The stability con-
cepts of Classic cluster-wise stability demonstrate that stability
diagnostics help identify which system regimes produce stable
results and which ones produce unstable outcomes [9]. How-
ever, these stability principles are seldom operationalized as a
primary evaluation axis in offshore wind regime studies.

A second observation from Table 1 is that low-dimensional
projections are crucial to the regime classification. Research
on offshore wind power uses two-dimensional and three - di-
mensional visualizations to evaluate how close wind turbines
are to each other even though their features exist in much larger
dimensional spaces [10]–[12],[25] , [28]. Research in visual
analytics shows that this practice contains dangerous elements
because dimensionality reduction techniques alter distance re-
lationships which produce incorrect cluster structure represen-
tations. The research on inter-cluster reliability showed that
standard embedding metrics do not work to evaluate how well
cluster relationships stay intact which motivated scientists to
create new reliability measures for projection-based reasoning
systems [6]. Computer graphics evidence supports that projec-
tion methods can generate high quality scores which produce
deceptive visual effects that demonstrate metric validation does
not ensure correct interpretation [29]. Scientific workflows ex-
perience frequent misinterpretation of dimensionality-reduced
views because researchers tend to rely too heavily on projected
plots which they consider as evidence [30], [31].

The research findings confirm that projection-induced mis-
interpretation establishes a valid methodological challenge which
affects offshore wind clustering operations. The original high-
dimensional space contains well-defined clusters which become
indistinguishable from each other when data is reduced to 2D
or 3D embeddings. The incorrect analysis of regime character-
istics becomes possible when analysts view these clusters be-
cause they appear to be close to each other or they seem to over-
lap with each other or their boundaries are not distinct. The fail-
ure mode functions independently from visualization artifacts
because it emerges when high-dimensional clustering intersects
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with the methods which researchers use to evaluate stability and
interpret results. Research on offshore wind power shows that
multivariate regime discovery methods deliver useful results but
most studies fail to implement protection mechanisms which
prevent projection errors and they do not compare predicted re-
lationships to actual high-dimensional distances [10]–[12].

The results from Table 1 demonstrate that researchers lack
a standard approach to their work. Research on offshore wind
clustering has developed its ability to analyze multiple vari-
ables and interpret data through regime-based methods but it
needs a complete system which handles feature-set expansion
as an experimentally controlled variable and focuses on stabil-
ity patterns to prove system reliability and performs projection
distortion assessment for interpretation validation. The stability
literature establishes effective methods for unsupervised valida-
tion which researchers can apply to their work [3], [9] while the
visual analytics literature demonstrates through multiple stud-
ies that interpretability risks exist and systems need to meet re-
liability standards [6],[29], [30], [31]but these fields have not
been integrated in offshore wind research applications. Physics-
informed interpretability is introduced to strengthen the validity
of results and interpretations obtained from high-dimensional
offshore wind clustering analysis. The workflow begins with a
unified statistical framework to obtain the cluster assignments
and the estimated parameters of the wind models from the high-
dimensional data. Then, dimension-aware scenario design, sta-
bility - driven evaluation and explicit projection audits are com-
bined to validate the reliability of the obtained models and there-
fore the obtained cluster assignments and wind models.

3. Materials and Methods.

This contribution investigates how increasing the dimension
of the feature space affects the structure, stability of clusters as
well as the reliability of a visual analysis technique that relies on
distances for the analysis of offshore wind data. An experiment
is conducted following a scenario-based approach. All steps
of the data analysis are scenario invariant and each scenario is
defined based on a different dimensionality. Therefore, any ef-
fects that are observed can be directly attributed to increasing
the dimensionality of the data. No effects are introduced by
the clustering algorithm that is used for all scenarios. Finally,
the data scenarios are defined based on data samples that were
measured at highly dispersed offshore locations.

The proposed method consists of five stages: (i) the de-
sign of an offshore testbed of tiles using an automated method,
(ii) the combination of features corresponding to staged dimen-
sional scenarios using physical characteristics of wind and at-
mosphere, such as wind speed, turbulence intensity, tempera-
ture, and humidity, (iii) the baseline clustering for the desired
number of clusters for each scenario and tile, (iv) the stabil-
ity assessment of the clusters obtained for different initial seeds
using a bootstrap resampling method, and (v) the true centroids
in high dimensionality and their pairwise distances for audit-
ing the 2D visualizations. The conceptual workflow of the pro-
posed method is shown in Figure 1. The main stages are de-
noted by the solid arrows and the validation loops denoted by

the dashed lines are triggered for cases of low quality, unstable
clusters, or high distortion exceeding the predefined thresholds.

Figure 1: A conceptual overview of the workflow.

Source: Authors.

The basis for the underlying data is ERA5 atmospheric re-
analysis data from the European Centre for Medium - Range
Weather Forecasts (ECMWF). ERA5 provides uniformly and
physically consistent global measurements of the parameters of
the atmospheric wind field, which has been validated and used
in many applications in the field of offshore wind energy. [32],
[32].

As part of wider project, a global offshore dataset has been
collated comprising 134,483 grid points and 12,552 timepoints
of data, stored in the format of a rich NetCDF file. The offshore
points are indexed using the “tile the globe” tiling scheme with
a 10◦ × 10◦ grid allowing for both data analysis of the grid
points and efficient regional sampling.

This independent methodological study utilized a new con-
trolled testbed that was not associated with any of the prior
studies. For this analysis, four offshore tiles were selected for
each of the 4 latitudinal bins (tropical, mid-latitudinal Northern
Hemisphere, mid-latitudinal Southern Hemisphere, and high-
latitude). The tiles were selected using the following criteria:
1. Candidates tiles were filtered such that a minimum of 500
offshore points were required. 2. A weighted score was cal-
culated for each of the remaining tiles in each latitudinal bin.
The weights for each of the three score components were the
normalized point counts, the normalized mean wind speed, and
the normalized wind speed variance. 3. The tiles were ranked
within each latitudinal bin using the weighted score. From each
latitudinal bin 4 tiles were selected such that the great circle
distance between any two tiles in the testbed was as large as
possible. The tiles for the independent testbed are listed in Ta-
ble 2.

Features are constructed by taking physically meaningful
combinations of wind and atmospheric features from the input
data. All features are used in the same way for all tiles. The
base set of wind and atmospheric features includes: - Wind
speed and wind direction - Air density and temperature and
pressure at 100m above ground level. The number of features
is kept low by only taking one sample from the time series with
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Table 2: Controlled independent offshore testbed tiles.

Source: Authors.

a fixed stride. This gives us an effective temporal resolution of
one data point per day.

Seasonal means and standard deviations of the base vari-
ables are calculated at each of the offshore locations for the
four climatological seasons: DJF (December, January, Febru-
ary), MAM (March, April, May), JJA (June, July, August)and
SON (September, October, November). In addition, the robust
wind-speed indicators (10th percentile, 90th percentile and in-
terquartile range) and the directionality measure (variability of
the wind direction) are derived from the subsampled time se-
ries.

By incorporating the design features into the configuration,
a staged set of dimension scenarios is created to achieve a con-
trolled dimension sweep. The dimension scenarios with the in-
tegrated design features are given in Table 3.

Table 3: Dimensional scenarios (conceptual feature sets) used
for the dimension sweep.

Source: Authors.

The fact that the engineered features are in different phys-
ical units and scales means that for all distance based cluster-
ing and stability evaluation the data has to be z-score standard-
ized. The reason for this is that a variable with a larger range
should not dominate the distance computation because of its
scale whereas other variables with smaller ranges but large ef-
fects in Euclidean distance based learning [33] should not have
lesser effect. The z-score standardizes the value.

zi =
xi − µ

σ
(1)

Where xiis the raw feature value, µ is the feature mean, σ is
the feature standard deviation and zi is the standardized value.

Baseline clustering is performed for each tile, for each di-
mension, with cluster number fixed to K=3 and K=5. The cen-
troids are calculated in the standardized feature space. The
quality of clusters is evaluated using a number of internal va-
lidity criteria. Most of the criteria used are based onSilhou-
ette coefficient [34], the Davies–Bouldin index [35], and the

Calinski–Harabasz criterion [36]. These criteria are calculated
on a fixed-size (deterministic) subset of the data, being propor-
tional to the smallest sample size in the case of different sample
sizes (i.e. in the case of unequal sample sizes, the criteria are
calculated on a subset proportional to the smallest sample size
in order to have the same number of data points to calculate the
criteria for all cases and for all tiles). The baseline settings for
clustering are shown in Table 4.

Table 4: Baseline clustering configuration.

Source: Authors.

The stability of clustering results obtained by different ini-
tializations is evaluated using the Adjusted Rand Index (ARI)
[37], a measure that quantifies the degree of similarity between
two partitions while correcting for random cluster assignment
of instances. Two complementary stability modes are provided.

Seed stability measures the influence of the initializations
by calculating the pairwise average of the adjusted Rand index
(ARI) between the clusterings produced by different random
seeds on the same dataset. On the other hand, the bootstrap sta-
bility measures the influence of the sampling noise in the data
by iteratively performing the following steps a number of times:
i) sampling a fixed proportion of instances with replacement, ii)
applying a clustering algorithm to the new subset of instances,
and iii) calculating the ARI between the obtained clustering and
a reference clustering. Table 5 summarises the stability config-
uration employed in this work.

Table 5: Stability analysis configuration.

Source: Authors.

In order to obtain a stringent reference for distance-based
analysis, the true high-dimensional cluster centroids for all (tile,
scenario, K) configurations are computed. The centroid for
each cluster c is given by:

µc =
1
nc

∑
i∈c

xi (2)

where xi is the engineered feature vector of point i and nc
is the number of points in cluster c.

The pairwise distances between cluster centroids are com-
puted using the Euclidean distance metric in the full engineered
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feature space.

dtrue(ca, cb) =

√√√ D∑
m=1

(
µca,m − µcb,m

)2
+ ε (3)

where D is the dimensionality of the scenario at hand and
ϵ = 10−12 is a fixed numerical constant introduced to ensure
numerical stability.

For every tile, scenario and value of K, the distances be-
tween the centroids are calculated. The top and bottom clos-
est/farthest pairs are stored for later use in the projection in-
duced misinterpretation analysis.

This check performs a projection audit to verify that the low
dimensional projections of the clusters do not alter the underly-
ing relationships between them. The reference is the true high
dimensional centroid distances. The audit is performed uni-
formly across all tiles and scenarios. The purpose of this audit
is to identify any potential projection artifacts and biases that
could lead to incorrect conclusions, and is not related to the
quality of the clustering results.

Matrix of true high-dimensional centroids C ϵ RK×D, where
K denotes the number of clusters and D denotes the dimension-
ality of the scenario. The first step to compute the pairwise
Euclidean distances between centroids in the original feature
space. This yields the reference distance matrix Dt rue.

Centroids are then projected into two- and three-dimensional
spaces using principal component analysis (PCA), producing
projected centroid matrices C(2) and C(3). The corresponding
pairwise distance matrices in the projected spaces are denoted
by D(2)

proj and D(3)
proj , respectively.

Global geometric distortion introduced by projection is mea-
sured by Kruskal’s stress which assesses the normalized dis-
tance between the true and the projected distances. Stress is
calculated as [38]:

Stress =

√√√√√∑
i< j

(
dtrue

i j − dproj
i j

)2
∑

i< j

(
dtrue

i j

)2
+ ε

(4)

where d t rue
i j and dproj

i j denote the true and projected centroid dis-
tances between clusters i and j, respectively, and ϵ = 10−12 is a
fixed numerical constant introduced for numerical stability.

Relative inter-cluster ordering preservation under projection
check To check if relative inter-cluster ordering is preserved
under projection, rank-based and linear correlations are com-
puted between the upper-triangular elements of Drue and Dproj.
Specifically, Spearman’s rank correlation coefficient and Pear-
son’s correlation coefficient are employed [39], [40]:

ρs = corrSpearman

(
dtrue, dproj

)
(5)

ρp = corrPearson

(
dtrue, dproj

)
(6)

where d t rue and dproj are vectors containing all unique inter-
centroid distances.

Global performance criteria have been introduced and pair-
wise distortion for each centroid pair (i, j) has been measured
by three related quantities.

First, the distance ratio is defined as:

Ratioi j =
dproj

i j

d t rue
i j + ϵ

(7)

Second, the relative error is computed as:

RelErri j =

∣∣∣∣dproj
i j − d t rue

i j

∣∣∣∣
d t rue

i j + ϵ
(8)

Finally, to explicitly capture visual misinterpretation, a mis-
leading closeness index is introduced:

Misleadi j =
d t rue

i j

dproj
i j + ϵ

(9)

Large values of Misleadi j mean that there is large distance
between two centroids in the high dimensional space, but the
distance between the corresponding centroids in the projected
space is relatively small, and this is an example of misinterpre-
tation due to the projection effect. For each case, the centroid
pairs are ranked based on the Misleadi j measure and the most
misleading cases are chosen for closer examination and visual-
ization.

4. Results.

The subsampled silhouette score was used to evaluate the
clustering quality for each of the staged dimensional scenarios
(S2D–S9D) and for the four representative offshore tiles. The
full-case matrix of results is not reported here, and is therefore
only presented in the form of highlight cases in Table 6, along
with the full results provided in the exported quality summaries.
Table 6 presents the highlight cases, comprising: the best di-
mension for each tile; and the most diagnostically informative
cases to fully capture the dimension-aware design of the study.

Table 6: Best-performing dimension-scenario configurations
across tiles based on subsampled silhouette score.

Source: Authors.
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Looking at the full-resolution surface in Figure 2 provides
further insight into the trends observed in the reduced images.
First, Tile 453 is always located in the highest quality region
of the surface except in the S5D and S7D scenarios. Second,
Tile 575’s surface is very sensitive to the choice of scenario
and the quality of the outer regions in the lower- and higher-
dimensional ends of the surfaces are much lower than the peak.
Third, it is clear from the heatmap that the best clustering qual-
ity regions are not always located at the right end of the dimen-
sionality sweep, suggesting that the highest dimensionality is
not always the best.

Figure 2: Heatmap of subsampled silhouette scores across tiles,
dimensional scenarios, and cluster-number settings.

Source: Authors.

To analyze the behavior of the clustering quality as the di-
mensionality increases, Figure 3 shows the silhouette evolution
for each tile and k for each scenario-wise trend. This allows us
to verify if the quality evolves in a monotonous fashion or if it
has peaks at some intermediate dimensionality values.

Figure 3: Scenario-wise variation of subsampled silhouette
score across tiles, with separate trends for k=3and k=5.

Source: Authors.

Figure 3 presents the same cross-scenario information as
Figure 2, but in a more interpretable manner. For Tile 453
the line trends peak at intermediate dimensions in the S5D–
S7D range, as one would intuitively expect for the optimal re-
gion for a good balance between the discriminatory power of
the features and the robustness of the tree. For Tile 389 the
best model for this tile in the sweep was S2D with k=5, which
means that this tile was learned to a good level of accuracy
in at least some of the tropical environments under study. For
Tile 143 the strong value at S7D, k=5 shows that high dimen-

sional feature spaces can lead to good clustering metrics, with
the subsequent terms representing the impact of the projection-
misinterpretation terms. The decline for Tile 575 towards S9D
suggests that high dimensional feature spaces do not always
lead to high discriminative power of the resulting representa-
tion.

Table 6 and Figures. 2–3 demonstrate the first core result
of this paper. First, the performance of dimension-aware clus-
tering is more influenced by the ordering of dimensions than
by the number of dimensions. Second, the middle dimensional
setting often achieves the best balance between accuracy and
computational speed, while increasing the number of dimen-
sions does not necessarily lead to a better clustering solution
due to model overfitting. The findings of this experiment moti-
vate the following stability analysis.

This paper investigates stability of clustering under con-
trolled noise and whether stable clustering leads to non-trivial
partitions in the data feature space. The stability of the clus-
terings is measured, obtained using the Adjusted Rand Index
(ARI) metric under two types of perturbations. One is the sen-
sitivity to the random seed initialization (seed stability) and the
other is the robustness against different bootstrap resamples of
the data (bootstrap stability). The analysis particularly focuses
on the S7D data set which had the highest clustering quality in
the intermediate dimensions (n = 7)

Seed stability is also calculated for each of the four repre-
sentative tiles. The high values of the ARI in all cases suggest
that solutions derived by applying the clustering algorithm to
many different random initializations are very similar. In fact,
seed stability is almost perfect for at least one value of k for the
mid-latitude tiles. For the other tiles, the values are always very
high indicating that the clusters derived from different initial-
izations do not differ from each other. In other words, in S7D
the clusters are stable and the resulting solutions are always the
same.

Bootstrap stability analysis yields a closely aligned pattern.
The stability of the classification obtained by repeatedly resam-
pling a fixed fraction of the data and re-estimating clusters is
also documented. The ARI values for the resulting sets of clus-
ters are high for all tiles, with only modest drops relative to
seed stability. The high values of the ARI for the highly sta-
ble inferred partitions that capture the sampling variability (i.e.,
stability under bootstrap perturbations) obtained for all tiles,
which are very different in terms of sample size and climato-
logical characteristics, further document the robustness of the
results.

While the high stability of seeds under perturbations to-
gether with the stability of the corresponding bootstrap clus-
ters is a good indication of the stability of the clusters, it does
not mean necessarily that there is any non-trivial geometry be-
tween the clusters. The stability measures the robustness of the
assignments of the samples (seeds) to the clusters (i.e., the sta-
bility of the clustering) under perturbations. However, it does
not reflect the representativeness of the embedded mapping to
the underlying data distribution or the accuracy of the distances
between the clusters in the data space. A few examples illus-
trating such effects are provided in the following; they demon-
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strate that highly stable clustering results can be associated with
strongly distorted 2D or 3D visualizations.

The results show that while stability is a necessary require-
ment for an interpretable clustering model, it is not sufficient.
In particular, taking the same data set and feeding it to the same
algorithm and obtaining the same partition at every split in the
decision tree for S7D does not result in an interpretable cluster-
ing, except that the clustering is stable. The following analy-
sis deals with the true high-dimensional centroid distances and
projection distortions.

The S7D condition provides a high degree of stability in
terms of reproducibility of clustering solutions for almost all
the tiles and cluster-number conditions with a few exceptions
that are described by the degree of stability in Table 7.

Table 7: Seed and bootstrap stability (ARI mean) for the
intermediate-dimensional scenario (S7D).

Source: Authors.

The strongest stored case for this condition is for Tile 453
at seed ARI = 0.9986 and bootstrap ARI = 0.9819 (k=3), repre-
senting one of the almost perfectly reproducible clustering so-
lutions under both types of perturbations. As this tile has also
been shown to be one of the high-quality tiles, this also serves
as a further example of a clustering condition that gives high-
quality clustering solutions in addition to the stable solutions
under the given perturbations. On the other hand, Tile 143 at
k=3 and Tile 575 at k=3 have somewhat lower values indicat-
ing that there are a few more cases that, based on a purely visual
or structural evaluation, seem also plausible, but which do not
hold under the given perturbations. Figure 4 Seed-stability dis-
tribution for the S7D cases. Please refer to Table 7 for the actual
numbers.

Figure 4: Mean seed stability (ARI) across tiles and cluster-
number settings for the intermediate-dimensional scenario
S7D.

Source: Authors.

Seed Stability within the S7D metric for the cases investi-
gated in Figure 4. The high values of the S7D metric that were
derived from all the tile–k combinations have led to the conclu-
sion that the seeds are stable for all tile–k combinations. While
the large peak corresponding to Tile 453, k=3 is almost per-
fectly repeated, the small peak is found at the lower end of the
S7D seed-stability range for Tile 143, k=3 and Tile 575, k=3.
Hence k=3 leads to high repeatability in the former case, but
not in the latter.

Figure 5 Initialization sensitivity alone is not sufficient to
explain the sampling robustness of the solutions; The stabil-
ity analysis under bootstrap resampling is needed to understand
the stability of the solution partitions obtained under differ-
ent initial conditions, i.e. for different realizations of the sam-
pling procedure; The same S7D experiments as in Figure 5 are
shown.

Figure 5: Mean bootstrap stability (ARI) across tiles and
cluster-number settings for the intermediate-dimensional sce-
nario S7D.

Source: Authors.

Figure 5 It appears that bootstrap robustness generally fol-
lows the pattern of seed stability with a few exceptions. Again,
Tile 453, k=3 has a very stable clustering solution that is both
stable to different seeds (initialisations of the algorithm) and
stable to different resamplings of the data. Interestingly the
bootstrap ARI is higher for the clusters in Tile 575, k=5 than the
seed ARI indicating that while this clustering is not particularly
stable to changes in the initialisation of the algorithm (cluster
assignments are swapped when different seeds are used) it is
very stable to resampling of the data. Similarly Tile 143, k=5
has a bootstrap ARI of 0.8395 and will be also be considered in
the audit phase following the projection analysis.

The results in Table 7 and in Figures. 4 and 5 are the sec-
ond core contribution of this paper. Besides the clustering per-
formance, there are other criteria that may influence the choice
of the optimal clusterization dimensionality. It has been shown
in several experiments in Table 7 that for certain values of the
parameters, i.e., for certain values of the dimensionality (i.e.,
certain intermediate values of the parameter), the results are re-
peatable and stable. For instance, for Tile 453, k=3 and for
Tile 143, k=5. In this case, although the clusters are stable
when the clusterization is perturbed by noise according to the
ARI stability measure, the stability and ARI measures do not
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imply significant centroid distance between the clusters, nor a
visually correct clustering. It is necessary to return to the dis-
cussion of the centroid distance concerning the clusterization
performance. High clustering performance is expected when
the clusterization assignments are stable and the ARI measure
is high, however this does not exclude large distortions in the
centroid distances of the clusters when projecting from the high
dimensional space to a lower dimensional space for the specific
pairs of clusters with high clustering performance and assign-
ments stability.

All previous analyses showed that many of the intermedi-
ate dimensions lead to a high clustering quality and stability.
However, the clustering quality and stability do not at all imply
that the resulting cluster structure will also be preserved after
projecting it to the 2D visual space of a PCA transformation.
The following analysis will therefore take a closer look at the
feature space engineered for an understanding of the cluster re-
lationships and how much of this structure is preserved under a
low dimensional PCA projection.

In order to determine the true geometric reference is ob-
tained by calculating the inter-centroid distances in the full high-
dimensional feature space for each (tile,scenario,k). These dis-
tances are then compared to their projections in PCA-2D and
PCA-3D spaces. The distortion between the true and projected
distances is measured using the projected-to-true distance ratio,
relative error and the mislead close factor. Table 8 shows the
distortion cases in a compact way, listing the two most severe
distortion cases for each of the two spaces, namely the most
severe PCA-2D distortion and the most severe PCA-3D distor-
tion.

Table 8: Extreme projection distortion cases: true high-
dimensional vs projected centroid distances.

Source: Authors.

Table 8 shows the distortion index for the most distorted
cluster pair. The pair in Tile 143, S9D, k=5 in PCA-2D was
denoted as C0–C4, and is on average three plus times closer to
each other than in the original feature space. Another repre-
sentative example is Tile 143, S7D, k=5 in PCA-3D, where the
distortion is not extreme, but is quite significant nonetheless.
The true inter-centroid distance in the original space is also sig-
nificantly compressed in these two examples. These two exam-
ples are provided to demonstrate that structural distances can be
heavily distorted in low-dimensional projections while keeping
the underlying clustering solution very strong.

Interpretation of distortion in a geometric context is pro-
vided in Figure 6, showing the true high-dimensional centroid-
distance matrix for Tile 143, S9D, k=5. The purpose here is to
confirm that the clusters which were highlighted in the bottom
plot of Figure 5 are indeed well separated in the original feature
space before any projection took place.

Figure 6: True high-dimensional centroid-distance matrix for
Tile 143 under S9D with k=5.

Source: Authors.

Figure 6 confirms that the selected centroid pair is not a
visually chosen artifact; rather, it belongs to a configuration
with substantial true inter-centroid separation in the original
space. In particular, the heatmap makes clear that the high-
lighted structure is embedded within a broader distance pattern
in which some cluster pairs are genuinely far apart. This estab-
lishes the high-dimensional geometric baseline needed to judge
whether subsequent 2D or 3D projections remain faithful.

Having established the true-distance structure, Figure 7 shows
the corresponding PCA-2D centroid map for the strongest 2D
distortion case, again for Tile 143, S9D, k=5, with the pair C0–
C4 highlighted.

Figure 7: PCA-2D centroid map for Tile 143 under S9D with
k=5, highlighting the C0-C4 pair.

Source: Authors.

Figure 7 illustrates the core failure mode for this paper. As
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shown with highlighted pair C0–C4, true high-dimensional cen-
troid distances between clusters are larger than what is derived
from their two-dimensional (2D) PCA projections. In particu-
lar, it can occur that, although there is no indication of prox-
imity between two clusters in the feature space, they appear to
be near each other when visualizing the PCA-2D projection.
Consequently, a reader relying solely on the PCA-2D projec-
tion would conclude that there is a high probability of partial
overlap or only weak discrimination between the pairs of clus-
ters that appear to be close to each other. This is an instance
of projection-induced misinterpretation, identified here as a po-
tential methodological pitfall in many clustering workflows de-
fined in the high-dimensional feature space.

To address the potential objection that a three-dimensional
projection should substantially resolve the compression observed
in two-dimensional space, the matched S7D case is examined
in both dimensions. Figure 8 presents the PCA-2D centroid
map for Tile 143 under S7D with k=5, highlighting the cen-
troid pair C0–C4, while Figure 9 presents the corresponding
PCA-3D centroid map for the same configuration. This direct
comparison reveals the extent to which increasing the projec-
tion dimension mitigates — but does not fully eliminate — the
observed distortion.

Figure 8: PCA-2D centroid map for Tile 143 under S7D with
k=5, highlighting the C0-C4 pair.

Source: Authors.

Together these figures show that a 3D projection (or higher)
of the data can better separate the points of a pair in the map-
ping feature space using the mapping feature space visualiza-
tion tool, but still not enough to preserve the true separation
in the original feature space. The pair C0–C4 in Figure 8 are
almost indistinguishable from each other in the 2D projection,
which could be an indication of weak separation between the
underlying structures. The 3D version in Figure 9 alleviates the
compression effect and shows better separation of the centroids.
However, the pair is still more compact in the projected space
than they are in the original high-dimensional space, as shown
in Table 8. The S7D, k=5, result is therefore still of interest and

Figure 9: PCA-3D centroid map for Tile 143 under S7D with
k=5, highlighting the C0-C4 pair.

Source: Authors.

needed to compare the PCA-2D and PCA-3D projections.
This comparison supports two of the methodology argu-

ments in this study. First, the projection-induced misinterpre-
tation shown in the PCAs is not unique to the 2D plot format.
Second, even though 3D representations may offer better visu-
alization of the data, they should not be considered as being
equal to the true data geometry. So PCA-3D is only a better
graphical tool than PCA-2D, but it is still far from represent-
ing the true centroid distances in the original high dimensional
space, and therefore is not an appropriate metric to be used in
this context.

For a more direct comparison, the strongest retained evi-
dence cases are plotted in the (dtrue,dpro j) space in Figure 10,
together with the identity line that represents ideal preservation
of distances.

Figure 10: True versus projected centroid distances for the
strongest retained distortion cases.

Source: Authors.
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Figure 10 summarizes in a concise form the quantitative vi-
sualization of the phenomenon shown in Table 8. Both pieces
of retained evidence lie below the identity line which confirms
that the estimated distances are under-estimated. The under-
estimation is more pronounced for PCA-2D than for PCA-3D.
However, the estimated distances in the case of PCA-3D are
closer to the identity line than those obtained for PCA-2D and
are still under-estimated. Figure 10 links the quantitative infor-
mation in Table 8 to the failure of distance preservation.

In particular, the fact that there are two examples of retained
distortion implies that these distortions happen in good data –
i.e., data that were not flagged as weak by the previous analy-
sis. For example, the S7D data cluster was flagged as being one
of the strongest data clusters in terms of quality–stability of the
stored data and the S9D data cluster was one of the outputs of
the dimension-aware evaluation framework for controlled clus-
tering. This means that the distortion in these cases is not a
byproduct of poor clustering or unstable partitioning. Rather,
it indicates a deeper, inherent property of the technique – that
high quality clustering and high clustering stability do not nec-
essarily imply faithful representations of the data in lower di-
mensionality.

This analysis concludes the fourth core contribution of this
study. Projection-induced misinterpretation is a non-trivial vi-
sualization failure mode in dimension aware clustering work-
flows. It remains to confirm the validity of the assertion that
interpreting high-dimensional atmospheric regimes by means
of low-dimensional projections lead to visually appealing, but
feature space geometry misleading conclusions. This will be
achieved by collecting cross-method evidence to verify whether
the distortion caused by projection-induced misinterpretation is
exclusive to the employed clustering methodology.

The purpose of the final validation step was to verify if the
distortions, introduced by the projection, detected in the pre-
vious step are method dependent, i.e. if they were present in
the baseline clustering method or if they will also be present
in other clustering methods. For Tile 143 and for the higher
dimensional spaces S7D and S9D, a cross-method audit was
performed using two other density based clustering methods,
DBSCAN and OPTICS. The new clusters found by applying
these methods were then validated by applying the projection
audit metrics used for the baseline clustering method.

Summary of cross-method results for all four cases is given
in Table 9 (a, b), where clustering and projection-audit met-
rics are condensed. The table shows the number of clusters,
the noise fraction, the average internal clustering coefficient,
the projection stress, the rank preservation, and the largest mis-
lead close value of PCA-2D and PCA-3D.

Table 9 & 10 are Cross-method projection audit results for
Tile 143 using DBSCAN and OPTICS under S7D and S9D.

Table 9: Core clustering results.

Source: Authors.

Table 10: Projection distortion audit metrics.

Source: Authors.

Table 9 & 10 confirms that projection distortion remains
clearly visible across all clustering algorithms. Even when den-
sity - based methods (DBSCAN and OPTICS) are employed in-
stead of the centroid-based clustering used in the baseline, the
high-dimensional distances continue to be substantially com-
pressed in PCA-2D, with all mislead close values reaching the
worst levels in each case and remaining far from 1. Further-
more, the cross-method worst mislead close value exceeds 3,
consistent with the baseline results, thereby indicating a com-
parable degree of underestimation. Figure 11 provides a direct
visual representation of the strongest projection-distortion mag-
nitude that occurred between any two methods in the baseline
and cross-method evaluations. It is important to note that dis-
tortion is not an artefact of a single clustering algorithm.

Figure 11: Worst projection-induced compression across base-
line, DBSCAN, and OPTICS cases for Tile 143.

Source: Authors.

Figure 11 confirms that the compression caused by the pro-
jection is not eliminated by changing the method. The baseline
distortions are among the largest distortions, but the density-
based methods all have larger distortion values, and large dis-
tortion magnitudes are also observed in the PCA-2D method.
The largest cross-method distortion value in S7D is caused by
DBSCAN. While OPTICS can reduce the distortion caused to
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the points by DBSCAN, it does not eliminate it. Therefore the
distortion is not an artefact of the particular partitioning method
used, but a real effect due to the low-dimensional representation
that can cause unusual geometric situations to occur.

A second observation from the table is that higher cluster-
ing quality does not directly translate to lower projection distor-
tion. Although silhouette values for the OPTICS algorithm are
higher than those for DBSCAN for almost all the datasets, the
latter still undergoes relatively low dimensional compression.
This again shows that the internal clustering quality and the pro-
jection distortion are not necessarily correlated in a monotonic
fashion. In particular, it may happen that a clustering algorithm
produces a cluster assignments for which the clustering criteria
indicate a good clustering, yet the visual representation of the
data provided by the projections is highly distorted.

The comparison between PCA-2D and PCA-3D is still rel-
evant. In all the cases, PCA-3D has lower stress and weaker
(though not always the strongest) distortion compared to PCA-
2D. However, the projection error is not yet eliminated. Conse-
quently, inter-cluster distances continue to be collapsed within
the visual embedding owing to the inherent limitations of the
low-dimensional layout, even with the addition of a third pro-
jection dimension.

Table 9 & 10 and Figure 11 together provide the cross-
method evidence required to support the final methodological
claim of this analysis. Projection-induced misinterpretation is
not an artifact of a specific clustering algorithm. Rather, it
arises from the inherent difficulty of projecting structured high-
dimensional atmospheric feature spaces into two or three di-
mensions without losing important geometric relationships. This
finding strengthens the central argument of the paper by demon-
strating that the distortion persists across both centroid-based
and density-based clustering paradigms.

The cross-method evidence for the 10th methodological claim
is provided in Table 9 and Figure 11. The distortion caused by
the projection is not caused by the clustering algorithm used.
The dimensionality reduction technique causes loss of infor-
mation when the centroids or density estimates in the origi-
nal high-dimensional feature space are being projected into the
lower dimensional space. This has been verified by applying
both centroid-based and density-based clustering methods in
the present study.

Figure 12 shows the summary relation between the dimen-
sion - aware quality trends and distortion evidence derive from
analyzing the scenario evolution, in terms of the average clus-
tering quality and the strongest retained projection distortion.

Figure 12 illustrates the methodological trade - off that is
discussed in this paper. The lower dimensional clusters gener-
ally lead to higher clustering quality on average, but high di-
mensional data does not necessarily translate to more meaning-
ful lower dimensional representations. The dimension-aware
approach improves the expressiveness of the clustering analy-
sis, while there is a need to understand the effect of the higher
dimensionality on the preservation of the shape properties of
the clusters in the projection. In summary, dimension-aware
clustering, stability, and projection audit all require a holistic
consideration.

Figure 12: Dimension?scenario trends linking average cluster-
ing quality and worst projection distortion.

Source: Authors.

5. Discussion.

The result demonstrates that the dimensionality of the fea-
ture space is a design parameter which strongly affects the clus-
tering of the offshore wind. Increasing the dimensionality of
the space does not necessarily result in an increase of the clus-
tering performance. Higher dimensional spaces always contain
all lower dimensional features of physical meaning such as sea-
sonal means and wind speed percentiles as well as turbulence
characteristics. However, also looking at the four representa-
tive tiles shows that the quality of the clustering performance
is different in various regimes of the space. While some of
them show improvements at some intermediate dimensionality,
others have poor clustering performances at higher dimensions.
Therefore, the increase of the dimensionality of the space is not
an unescapable modeling choice. It has to be considered as an
experimental design parameter.

The non-monotonic behavior observed in the study is cru-
cial for the dimension-aware design. The strongest values of
stored quality were found for the intermediate dimensional con-
ditions S5D and S7D compared to the highest dimensional con-
dition S9D. In Tile 453 the stored clustering quality is found
to be the highest in S5D and only slightly decreased in S7D,
which indicates that moderate increases in the feature space
can lead to more discriminative models without over-explaining
them in terms of geometry. Conversely for Tile 575 the value of
stored quality is found to be decreased in S9D compared to S5D
indicating that increased dimensionality can lead to increased
dimensionality-related effects such as dimensionality increase
of redundancy, noise, and cluster fragmentation. Therefore, the
design of the feature space should be validated at the structural
level, rather than at the level of the number of features.

The second finding is that stability provides more informa-
tion than that contained in any of the individual criteria for inter-
nal clustering. The seed and bootstrap analyses indicated that
a few of the S7D configurations were stable when a configu-
ration was reinitialized and reoptimized many times. In these
cases, the clustering behaviour of different realisations of such
configurations has now also been examined. Several of the sta-
ble configurations, such as the very stable Tile 453 with k=3
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and the quite stable Tiles 143 with k=5 and 575 with k=5, pro-
vided further confirmation of the clustering behaviour in the
intermediate-dimensional space. While the stability of the clus-
tering assignments obtained in different runs and realisations
guarantees that the assignments will be the same (up to per-
mutations of indices) under somewhat different initialisations
and different resamplings, the fact that assignments can be sta-
ble for many different choices of initialisations and resamplings
does not guarantee that the structure of the clusters will be the
same, and that the two- and three-dimensional representations
of the data provided by dimensionality reduction are therefore
true representations of the data. Stability is a prerequisite for
examining and using the resulting data visualisations obtained
by dimensionality reduction. However, stability is only a nec-
essary condition; it is not a sufficient condition.

This is a very important conclusion for the methodological
contribution of this work. A visually appealing 2D or 3D layout
of a subset of the objects in the data does not guarantee that the
corresponding structural interpretation is accurate. The true Eu-
clidean distance between centroids must serve as the reference
frame in order to assess the quality of any low-dimensional pro-
jection. This is illustrated by the centroid-distance audit in Fig-
ure 6. The low-dimensional projections strongly compress the
true between-cluster distances, as illustrated with the strongest
retained distortion case of Tile 143 in S9D for k = 5. The two
clusters are clearly separated by large Euclidean distance in the
engineered feature space (top of the figure), but have a much
smaller distance in PCA-2D (middle of the figure). The dis-
tortion reduces but does not disappear when projecting up to
PCA-3D.

This finding is important, as all distortion cases that were
removed as a result of inspecting the retained evidence are not
due to weak clustering. Rather, they correspond to clusters
that started with high silhouette scores, high stability, or both.
This adds another methodological contribution to this study.
The projection misinterpretation is not restricted to cases of
poor clustering performance, since it can occur for some of the
strongest clustering solutions. High silhouette scores and high
ARI scores, which are generally regarded as indicative of good
clustering solutions, are therefore not sufficient guarantees of
a correct and/or visually valid projection. Auditing projections
should therefore be regarded as a separate step in the evaluation
of the clustering solution rather than as an optional plot.

This conclusion was verified by a cross-method analysis.
The Tile 143 cases were examined with DBSCAN and OPTICS
in S7D and S9D again and the projection distortion was veri-
fied. The distortions differed a bit from each other depending
on the method used and were generally smaller in PCA-3D than
in PCA-2D. This cross-method validation is important as it re-
moved the possibility that the distortion was caused only by
the baseline centroid-based partitioning method used to derive
the initial results. Now it has been verified that the distortion
occurs also with a centroid-based method and with a density-
based method and therefore it must be caused by the dimen-
sional reduction, not by the clustering method.

One more consequence is derived from the relationship be-
tween data statistics and physical representation. Since this

study does not lead to any energy or exergy application, it sim-
ply shows that potentially physically different wind regimes
can be represented in the same way in the reduced space of
data when no analysis of the clusters geometric structure is per-
formed prior to data reduction. Consequently, a stable partition
that is statistically sound may not have a physically adequate
representation in the reduced space, which is by no means a
minor issue for offshore wind regime studies. Indeed, the rep-
resentation of clusters (as regime types or archetypes) is often
used to derive other variables of interest (such as resources,
trends or decision support tools). The present study only con-
tributes to the physics-informed interpretability of regime anal-
ysis. A stable and statistically valid partition does not necessar-
ily mean that the representation in the reduced space is physi-
cally meaningful, unless the geometric structure of the clusters
is verified as adequate.

Clustering in the dimension aware setting, requires evalu-
ation within a multi-layer methodological framework. Internal
measures are adopted to describe the distributions of clusters for
the purposes of compactness and separation. Measures which
evaluate the stability of the clustering against noise and support
the fact that true high dimensional centroid distances are a ge-
ometrical standard against which the distortion caused to the
data by the projection should be measured, in order to evaluate
the projection auditing. The main methodological contribution
of this paper is to demonstrate that no individual metric layer of
the multi-layer evaluation framework of dimension aware clus-
tering is sufficient to credibly assess the structural validity of
the obtained clustering, or to guarantee the interpretability of
the clustering results. It is rather the multi-layered combination
of them, that enables the assessment of the validity and inter-
pretability of a clustering result.

In a broader context, the implications of this study may be
significant for practitioners dealing with high-dimensional clus-
tering analyses in the context of offshore wind and other geo-
physical applications. In particular, it may be advisable to con-
sider dimensional design as a modelling assumption rather than
as a data preprocessing step, that stability assessment is at least
as important as assessment of the quality of the cluster solu-
tion, that projected visualizations do not necessarily reflect the
actual data structure, that high-dimensional centroid distances
and distortion metrics are always presented in conjunction with
the lower-dimensional visualizations in order to validate the vi-
sual impression derived from the latter, and that the findings of
this study serve as a warning against an excessive use of clus-
tering analyses which are based on little more than personal
feeling and which can easily lead to nonsensical results.

This paper provides a unified contribution. In particular,
it discusses the following important points: (i) designing sce-
narios when understanding how cluster quality evolves with in-
creasing data dimensionality, (ii) stability-driven validation to
distinguish between stable and fragile clusters, (iii) the high di-
mensional centroid structure should be considered as the ref-
erence geometry instead of its projected version, and (iv) that
the projection-induced distortion should be quantified before
any interpretation is made from the projected high dimensional
data. Accordingly, while dimensional reduction can be a conve-
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nient tool for visualization, the proposed framework highlights
the important difference between visualization and structural
analysis.

Conclusions.

A dimension-aware methodological framework for assess-
ing the clustering properties of high-dimensional features as-
sociated with offshore wind data is introduced and validated.
The validation testbed was a controlled four-tile offshore wind
resource testbed with data generated in a staged sequence of in-
creasing dimensions from S2D to S9D. This validated study ex-
plores the impact of high-dimensional feature space complexity
on cluster quality and clustering interpretation stability and reli-
ability. This validation study moves beyond the cluster validity
index-based clustering assessment practices. The assessments
are based on dimensional design, stability and geometric faith-
fulness.

These experiments show that the increase in dimension does
not lead to a monotonic improvement of the clustering. Most
often the intermediate dimensionality settings S5D and S7D re-
sult in the strongest clustering, while the most complex S9D
setting does not lead to a higher clustering performance and,
in particular, loses some of the Euclidean properties which are
necessary for such a performance. In conclusion, one has to be
aware that increasing the dimension of the feature space is not
always a good idea. The validation of the effect of adding new
dimensions to the feature space has to be done for a specific
wind regime. It is therefore very important to have in mind the
structure of the cluster of points describing this regime, and how
this regime evolves when moving to more complex Euclidean
spaces.

This paper investigates how the quality and stability of clus-
tering solutions relate to each other and confirmed that the seed
and bootstrap stability analysis methods can provide some in-
sight into which clustering solutions are stable (i.e., almost iden-
tical) and robust (i.e., resistant to some level of noise) and which
are just more sensitive to different initializations or resamplings.
Therefore, besides the classical validity indices which provide
a measurement of the intrinsic quality of a clustering solution,
stability-based metrics are needed to understand which cluster-
ings can be considered as stable and robust. Indeed, a good
solution according to the classical criteria may not be robust to
a certain level of noise and therefore cannot be considered as a
robust clustering solution, and so metrics that relate to the in-
trinsic structure of the solution as well as to the robustness of
the solution are needed.

The most important methodological result of the present
study is related to the projection-induced misinterpretation. Com-
paring the true high-dimensional centroid distances between
different clusters with their corresponding values in the lower
dimensional space derived by PCA, it was found that the true
inter-cluster distances can be strongly reduced by projecting
them to lower dimensional spaces. While the discrepancies are
clearly not large for the weak solutions, the most of the cases
where this effect is significant deal with very stable solutions

as well: in some cases the projected 2D distances between cen-
troids of two truly disjoint clusters were found to be about only
70% of their true values in the high dimensional space, and
even in the few cases where 3D projections were derived, the
full restoration of the original distances was not achieved in all
cases. This means that the visually highly persuasive lower di-
mensional picture of the data does not necessarily give an accu-
rate description of the structure of the high dimensional feature
space.

Cross-method validation of the distortion effect resulted in
the same conclusion, and the distortion pattern was clearly vis-
ible in both DBSCAN and OPTICS clustering algorithms. This
means that the compression is an inherent aspect of the clus-
tering process, and that it is independent of the clustering algo-
rithm used (centroid-based or density-based). This means that
the distortion is not a method-specific artefact, but rather a nec-
essary by-product of the dimensionality reduction that must be
carried out in order to perform clustering in the high-dimensional
feature spaces of the atmosphere. This poses a significant method-
ological challenge to the clustering of high-dimensional data,
such as that which describes the complex offshore wind re-
sources.

This paper is a single submission to the data clustering area.
The contributions of this paper are fourfold: 1) the need for
dimension-aware clustering problems is argued to study how
different dimensions in a feature space affect clustering behav-
ior in distinct ways; 2) the need for stability-driven validity in-
dices is argued to prevent trivial clustering solutions by com-
paring the relative importance of the underlying data structure
and data distribution associated with different clustering solu-
tions; 3) high dimensional centroid geometry of data clusters
is argued to be an important structural clustering metric; 4) the
need for distortion measures associated with projections is ar-
gued to match those associated with dimensionality reduction
techniques used in data clustering applications, so that the dis-
tortion due to data projection is decoupled from that due to di-
mensionality reduction and data visualization. The need and
merits of dimensionality reduction for data visualization are not
disputed. However, it is also important to measure the distor-
tion due to data projection so that it is not obscured by the data
visualization.

The four-tile testbed is used in order to limit the complexity
of the validation and to focus on method reproducibility. A val-
idation over a more diverse and representative set of offshore
wind resources is highly recommended. The audit methodol-
ogy here introduced may be used for validating other wind re-
source assessments, as well as for the assessment of the impact
of slightly different assumptions and for features selected based
on more physics-based criteria, e.g. including further metrics
for the description of the wind persistence, turbulence and ex-
treme values.

Dimensionality is not a factor that can be ignored when it
comes to the clustering of data in terms of quality, stability or
interpretability. This paper shows that for a given dataset, even
though good and stable clusterings can be obtained, low dimen-
sional projections can lead to such a distortion of the origi-
nal data set topology that the high dimensional properties of
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the complex structures of offshore wind data are lost. There-
fore, the clustering of offshore wind data is an example of a
design-stability-audit-interpretation cycle that should be con-
sidered with dimensionality as a central aspect.
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