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Abstract

To address the high dimensionality, redundancy, and noise interference present in wind
turbine Supervisory Control and Data Acquisition (SCADA) data, as well as the limitations
of conventional K-means algorithms—including excessive reliance on manual parameter
tuning and weak anti-noise performance—this paper proposes a Variable Grid Optimized
K-means (VGO-K-means) preprocessing algorithm. Z-score standardization is adopted
to unify feature magnitudes. Meanwhile, an adaptive grid density calculation strategy
is developed to dynamically adjust grid resolution according to the value range of each
dimension, enabling accurate characterization of the spatial distribution of monitoring
samples. Furthermore, a multi-index voting mechanism integrating the silhouette coeffi-
cient, Davies—Bouldin index, and inertia metric is established to adaptively determine the
optimal cluster number without manual intervention. Utilizing the density discrepancy be-
tween dense normal samples and sparse outliers, the proposed method identifies abnormal
samples through a clustering density threshold. Validated on real wind farm SCADA data
containing 892 manually labeled abnormal samples, the VGO-K-means algorithm achieves
a precision of 96.8% and an Fl-score (the harmonic mean of precision and recall) of 0.89.
Under identical test conditions, it outperforms traditional K-means, Density-Based Spatial
Clustering of Applications with Noise (DBSCAN), and fixed-grid K-means methods. The
entire workflow consumes only 3.9 s, achieving an excellent balance between detection ac-
curacy and computational cost. The proposed framework provides a reliable and practical
preprocessing solution for wind turbine condition monitoring data.

Keywords: wind turbine; SCADA data; data preprocessing; variable grid; K-means clustering

1. Introduction

As a core component of clean and renewable energy, wind energy occupies a strategic
position in the global energy structure transition [1]. Wind turbine Supervisory Control
and Data Acquisition data have been widely used in health status assessment, fault early
warning, and power prediction, where data quality directly affects the accuracy of results
and algorithm efficiency [2]. However, massive multivariable time-series SCADA data
inherently contain substantial noise, outliers, and redundant information. Without effective
preprocessing, such abnormal data reduce reliability, leading to unsatisfactory or even
invalid outcomes in subsequent analyses [3,4].

Clustering algorithms have become a mainstream tool for outlier identification in
SCADA data preprocessing, including partition-based, density-based, and model-based
approaches [5]. Existing studies have proposed various improved clustering methods to
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address specific challenges: Zheng et al. utilized the K-nearest neighbor algorithm to quan-
tify anomaly degrees via weighted distances [6]; Zhao et al. combined the quartile method
with density-based clustering to remove wind curtailment-induced outliers [7]; Shen et al.
designed an outlier cleaning procedure based on change point grouping and quartile al-
gorithms, achieving effective identification of four outlier types [8]; Lii et al. improved
K-means by constructing a judgment function based on center point and cluster distances,
verifying satisfactory clustering effects on power load data [9]; Liu et al. optimized initial
cluster centers using an improved differential evolution (DE) algorithm, enhancing clus-
tering performance, efficiency, and stability [10]; Tian et al. improved K-means through
initial center and cluster number optimization, combined with standardization and linear
regression for distribution network data preprocessing [11]; Cai et al. modified K-means
via weighted local variance density measurement and heuristic initial center selection [12];
Liao et al. employed dynamic fuzzy clustering to identify load peak-valley characteris-
tics, improving scheduling model efficiency [13]; Liao et al. proposed a shared weight
graph clustering model for capturing correlations among photovoltaic power stations [14];
Kijanowski et al. integrated K-Means++ with Mahalanobis distance and Chebyshev in-
equality for SCADA data filtering [15]; and Marti-Puig and Nufiez-Vilaplana developed
a dynamic clustering framework using sliding time windows and discrete cosine trans-
form (DCT) [16]. Additionally, other methods such as ratio cut (R-cut) [17], constrained
Laplacian rank [18], shared weight graph clustering [19], multi-view graph learning [20],
power-energy-variability clustering [21], fuzzy C-means [22], and image processing tech-
niques [23-25] have improved clustering quality to varying degrees. Furthermore, machine
learning and big-data-based anomaly detection frameworks for general power consump-
tion scenarios have been extensively investigated recently. The work in [26], on anomaly
detection with machine learning algorithms and big data in electricity consumption, sorts
out typical data mining and clustering workflows applied to smart meter load datasets
and points out that most conventional schemes lack self-adaptive processing strategies
for high-dimensional mixed-noise power data. Nevertheless, such research mainly targets
user-side electricity consumption measurement data, without considering the coupling
physical characteristics of wind turbine multi-dimensional SCADA signals, which brings
distinct challenges for on-site wind farm condition monitoring.

Despite these advancements, existing methods still face critical limitations in wind
turbine SCADA data preprocessing, primarily in three core dimensions:

(1) Cluster number determination: Most methods rely on manual presetting [9,14] or
heuristic rules without physical mechanism integration [11,12], lacking adaptability
to diverse wind farm and turbine data. Methods designed for specific scenarios (e.g.,
power load data [8]) exhibit poor transferability.

(2) Noise resistance: Many methods lack targeted outlier removal mechanisms [8,9]
or misclassify low-density valid data (e.g., wind turbine transition segment data)
via distance-based criteria [14,15]. High-dimensional redundancy further degrades
density calculation accuracy [11].

(3) Computational efficiency: Iterative optimization [9,12], complex distance calcula-
tions [14], and high-complexity modules such as hierarchical clustering with O(n®)
complexity limit scalability for massive SCADA data with 10°~10° samples [15].

To address these limitations, this paper proposes a variable grid optimization-based K-
means (VGO-K-means) algorithm for SCADA data preprocessing. Adaptive grid division
is implemented based on the density of core physical features, including wind speed,
active power, generator speed, and rotor speed. The main contributions of this work are
summarized as follows:
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(1) Adaptive cluster number determination driven by physical data distribution, avoiding
manual experience dependence;

(2) Dual noise resistance mechanisms combining physical constraints and grid density
screening for precise outlier removal while retaining low-density valid information
such as fault precursors;

(3) Linear computational complexity via dimensionality reduction to 2—4 core features
and sparse grid calculation, ensuring scalability for large-scale data.

Quantitative evaluations are conducted using silhouette coefficients and computa-
tional time. Experimental results on SCADA data collected from 1.5 MW wind turbines
verify that the proposed VGO-K-means algorithm effectively eliminates noise and out-
liers while preserving fault precursor features. It achieves superior comprehensive per-
formance compared with conventional K-means, Density-Based Spatial Clustering of
Applications with Noise (DBSCAN), and fixed-grid K-means algorithms. This study pro-
vides high-quality data preprocessing support for wind turbine fault early warning and
condition monitoring.

To further highlight the methodological novelty and application scope of the proposed
approach, this paper performs a comparative analysis with a recently published study [27].
The reference study develops a neural network-based digital twin framework for rapid
thermal field estimation of SiC power modules, in which finite element simulation data are
employed to train machine learning models for junction temperature prediction in power
electronic systems.

In contrast, the method proposed in this study targets wind turbine SCADA data,
focusing on adaptive data preprocessing, clustering-based operational state analysis,
and anomaly detection. Specifically, the developed framework integrates 3o statistical
correction, Z-score normalization, adaptive grid density construction, and multi-index
voting-based cluster number optimization to address the high-dimensional, noisy, and
non-stationary inherent characteristics of SCADA data. Therefore, although both studies
adopt machine learning techniques, they differ substantially in application scenarios, data
characteristics, and technical objectives. The proposed VGO-K-means framework is ded-
icated to structured operational state clustering and anomaly detection for wind energy
systems, rather than physical field regression and thermal modeling tasks.

The rest of this paper is organized as follows: Section 2 introduces the principle
and deficiencies of the traditional K-means algorithm; Section 3 details the design and
implementation of the proposed VGO-K-means algorithm; Section 4 verifies its perfor-
mance through experiments and comparative analysis; Section 5 summarizes the work and
prospective future applications.

2. Traditional K-Means Algorithm
2.1. Algorithm Flowchart

The traditional K-means algorithm is a partition-based unsupervised clustering algo-
rithm [28]. Its core objective is to divide n samples into k disjoint clusters, such that the
similarity of samples within clusters is maximized and the similarity between clusters is
minimized. The specific process is shown in Figure 1a, which can be summarized into
five steps:

(1) Initialization: Randomly select k samples as the initial clustering centers (centroids),
where k needs to be preset manually;

(2) Sample assignment: Calculate the Euclidean distance from each sample to the k
clustering centers, and assign the sample to the nearest cluster;

(3) Update clustering centers: Calculate the feature mean of all samples in each cluster,
and take the mean point as the new clustering center;

https:/ /doi.org/10.3390/ electronics15143078


https://doi.org/10.3390/electronics15143078

Electronics 2026, 15, 3078

40f18

4)
Q)

Iterative convergence: Repeat steps 2 and 3 until the clustering centers no longer
change significantly or the preset number of iterations is reached;

Output results: Obtain the final k cluster division results, without an anomaly detection
link, and only sample clustering is completed.

Start
Start

Initialize k
Shtcids Data Standardization
Assign
samples
Adaptive Grid Density
Update
centroids
Optimal Cluster Number Decision
Converged?
Cluster Density & Anomaly Detection
Output

clusters

End
" End

Figure 1. Flowchart of the Traditional K-means Algorithm and VGO-K-means Algorithm.

2.2.

Algorithm Deficiencies

The traditional K-means algorithm has the following significant defects when process-

ing SCADA data of wind turbines:

ey

@

®)

Clustering number k requires manual specification, which relies heavily on empirical
selection and lacks objective criteria. Given the complex operational states of wind
turbines and the substantial variations in data distribution across diverse working
conditions, empirically determined k values struggle to adapt to all scenarios, thereby
easily inducing over-clustering or under-clustering.

Initial clustering centers are randomly selected. Consequently, noise and outliers
within SCADA data may be mistakenly chosen as initial centers, causing the algorithm
to converge to local optima and yielding unstable clustering performance.

The algorithm exhibits limited anti-noise robustness. Noise sources inherent in SCADA
data, such as sensor drift and communication interference, distort the calculation of
cluster centers and thereby blur the distinction between normal and abnormal samples.
Furthermore, the conventional K-means algorithm is only capable of identifying
spherically distributed clusters. However, normal operational and fault samples in
SCADA data typically follow non-spherical distributions, which severely hinders the
effective data separation of traditional K-means clustering.

In view of the above four core deficiencies, the VGO-K-means algorithm proposed in

this paper designs targeted improvement strategies:

To address the manual configuration of clustering number k, a multi-index voting

mechanism integrating the silhouette coefficient, Davies-Bouldin index, and inertia value

is constructed to automatically determine the optimal clustering number.

To remedy the random initialization of initial clustering centers, adaptive variable

grid division is adopted for data density screening and noise elimination, which optimizes

the selection basis of initial centers and avoids outlier interference.
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To improve the inherent weak anti-noise capability, a hybrid preprocessing strategy
combining 3¢ preliminary filtering and Z-score standardization is implemented. On this
basis, a clustering density threshold is applied to accurately separate normal and abnormal
samples and mitigate the noise-induced bias in cluster center estimation.

To overcome the limitation of non-spherical cluster identification, the grid resolution
is dynamically allocated according to the value range of each SCADA data dimension.
This strategy precisely characterizes complex data distribution features, adapts to the
non-spherical distribution characteristics of wind power operational data, and achieves
effective separation between normal and fault samples.

3. Design of the VGO-K-Means Algorithm

The algorithm adopts a four-layer architecture: “data standardization—adaptive grid
construction—multi-index clustering number decision—density-based anomaly detection”,
and the overall flow is shown in Figure 1b.

3.1. Data Standardization

Data standardization is performed using the Z-score normalization formula:

w=1"F (1)

where y is the feature mean and ¢ is the feature standard deviation. To avoid the interfer-
ence of extreme values on y and o, 3¢ preliminary filtering is performed on each feature
before calculation (only for statistics calculation without eliminating samples). For example,
if there exists an extreme value of —1000 kW in the raw data of the “active power” feature,
after 3¢ filtering, u is corrected from 850 kW to 920 kW and o is corrected from 520 kW to
480 kW, ensuring that the standardized data is more consistent with the normal operation
condition distribution. This eliminates the influence of dimensional differences such as
power (kW) and wind speed (m/s) on the calculation of clustering distance.

3.2. Adaptive Grid Density Calculation
3.2.1. Dimension Value Range Calculation

Let the data matrix obtained after standardization be X € Rn x d, where n is the
number of samples and d is the number of dimensions. The value range of each dimension
is calculated as follows:

Calculate the value range of each dimension:

range_val; = max(vals;) — min(vals;) ()

where max(vals;) and min(vals;) are the maximum and minimum values of the i-th dimen-
sion, respectively. For wind turbine SCADA data, the dimension range is determined by
the actual data distribution span rather than the physical upper limit. For example, the
wind speed dimension is widely distributed in the range of 0~30 m/s with a large actual
span, so the range-vali value is large; although the physical range of pitch angle is 0~90°, it
is concentrated in the narrow interval of 0~15° under normal working conditions with a
small effective span, so the value is small.

The numerical range calculation can accurately characterize the distribution difference
of each dimension and provide a basis for the subsequent adaptive allocation of the number
of grids.
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3.2.2. Dynamic Grid Number Determination

To achieve dimension-adaptive grid partitioning while balancing density characteriza-
tion accuracy and computational efficiency, grid resolution -y is adopted as the fundamental
coefficient. The grid number for each dimension is determined according to the corre-
sponding feature value range. Here, grid resolution v is defined as the width of each
uniformly divided grid cell along a feature dimension, which governs the granularity of
spatial partitioning. The grid number, corresponding to the total number of grid cells
partitioned on each dimension, is calculated by dividing the overall value span of the
feature by the grid resolution.

The grid resolution coefficient -y is a fixed empirical parameter determined based on
wind turbine SCADA data characteristics and engineering validation.

In this study, v is set to 0.5 through repeated comparative experiments, which can
properly balance the grid fineness and computational efficiency for most wind turbine
operating parameters.

The calculation formula for the grid number of the i-th dimension is as follows:

grid_count; = int (np.clip (mngrey_valil 5, 30) ) 3)

where np.clip(-) denotes the numerical clipping function, which is used to force the grid
number to be constrained within the interval [5, 30]. This constraint is formulated to
balance spatial characterization accuracy and computational cost. Specifically, higher grid
resolution is automatically assigned for dimensions with narrow value ranges and dense
data distributions, whereas lower grid resolution is adopted for dimensions with wide
value ranges and sparse data distributions. Such adaptive grid allocation prevents excessive
grid generation in high-dimensional feature space.

Define the number of grids for the i-th dimension as Ni, which is constrained by the
following piecewise rule:

range_val; range_val;
| neeval ], 5 I <30
Ni={ 5, rangeval @

30, rangifvali > 30

Specifically, when the ratio range_val; /vy falls within [5, 30], the calculated value is
directly taken as an integer grid count. If the ratio is smaller than 5, the grid number is
clamped to 5 to prevent overly sparse grids induced by a narrow range of feature values. If
the ratio exceeds 30, the grid number is capped at 30 to avoid extremely dense grids arising
from an excessively wide value range of the dimension.

In practice, standardized data along each dimension presents distinct distributions be-
tween core aggregation zones and marginal regions. A minimum of five grids is mandated
to achieve fundamental segmentation of the dimensional value interval. This setup enables
clear gradient differentiation among high-density, medium-density, and low-density re-
gions, avoids severe overlap of samples with disparate distribution patterns, and eliminates
extreme cases where only zero or one grid is generated for dimensions with overly narrow
value spans. Such a constraint guarantees valid grid partitioning across all dimensions and
underpins the execution of subsequent algorithmic procedures.

For high-dimensional data, the total number of grids equals the product of grid counts
across all dimensions. Limiting each dimension to a maximum of 30 grids alleviates the
curse of dimensionality and avoids excessive computational consumption. Standardized
SCADA data inherently contains sampling redundancy, and grid partitions exceeding
30 per dimension yield excessively narrow intervals. Such over-partitioning fails to improve
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density estimation accuracy, fragments clustered samples, introduces artificial density noise,
and adversely interferes with downstream algorithmic processing.

This section implements dynamic grid number adjustment for each dimension accord-
ing to its corresponding value range. Specifically, dimensions with a large distribution span
are allocated more grids to accurately capture complex distribution characteristics, while
dimensions with a small distribution span are assigned fewer grids to reduce redundant
computational consumption.

This method eliminates the inherent drawbacks of indiscriminate fixed-grid partition-
ing in conventional schemes and establishes a rational structural foundation for subsequent
grid density statistics.

3.2.3. Grid Density Statistics

a. Grid Node Generation

Grid node sequences with uniform distribution are generated based on the number of
grids in each dimension:

grid; = linspace(min-val;, max-val;, grid-count; ) (5)

where np linspace(-) is the linear interpolation function; min-val; and max-val; are the
minimum and maximum values of the i-th dimension, respectively; and grid-count is the
number of grids divided for this dimension. The function equally divides the interval [,]
into parts to obtain grid nodes, which constructs a uniform discrete division benchmark
for the numerical interval of each dimension and provides a unified spatial reference
framework for the subsequent grid index mapping of samples and density statistics.

b. Sample Grid Mapping

Each sample is mapped to the corresponding grid index, and the mapping formula is
as follows:
index; = digitize(x;, grid;) (6)

where np.digitize(-) denotes the function that maps continuous values to the corresponding
interval indices, x; represents the value of the sample in the i-th dimension, and grid;
denotes the corresponding grid index of the sample in the i-th dimension.

This procedure maps each continuous data sample to its corresponding grid, complet-
ing the conversion from continuous feature values to discrete grid indices and laying a
solid foundation for subsequent grid density statistics.

c.  Density Statistics and Efficiency Optimization

Grid density distribution is obtained by counting sample occurrences corresponding
to each unique grid index. To improve the computational efficiency of high-dimensional
grid density estimation, a dimension-adaptive optimization strategy is adopted. For data
with 1-3 dimensions, the embedded counting function np.bincount(-), which tallies the
frequencies of non-negative integer indices, is directly applied to achieve efficient density
calculation with a time complexity of O(n). For high-dimensional data (d > 3), the compu-
tational cost increases multiplicatively with rising dimensionality. Accordingly, different
calculation rules are implemented based on sample scale. When the sample size n is less
than 10,000, all samples are counted directly to compute density at a time complexity of
O(n x d). When n exceeds 10,000, only the first 10,000 samples are traversed. This strategy
reduces the time complexity from O(n x d) to O(10,000 x d) while guaranteeing density
statistical accuracy, thereby substantially improving overall computational efficiency.

Following the adaptive grid density calculation, all samples are partitioned into dis-
tinct grids based on their spatial density distribution. High-density grids correspond
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to concentrated regions of normal operational samples and remain unaffected by noise
and outliers. During the subsequent selection of initial clustering centers, samples within
high-density grids are prioritized to pre-optimize initial center points. This practice en-
hances clustering stability and precision and addresses the local optimum limitation of the
conventional K-means algorithm.

3.3. Multi-Index Optimal Cluster Number Determination Method

Cluster number rationality directly determines the accuracy of anomaly detection.
Traditional single-indicator strategies, typically represented by the elbow method, are
vulnerable to SCADA data noise, which easily causes deviations in cluster number selection.
The proposed VGO-K-means algorithm integrates three mainstream evaluation indicators
to adaptively determine the optimal cluster number, with the detailed implementation
process presented as follows:

3.3.1. Indicator Calculation

Due to the high dimensionality and complex distribution characteristics of wind
turbine SCADA data, the cluster number range is set to 2-20 to ensure coverage of all
potential optimal cluster numbers. The candidate cluster numbers k € [2, 20] are traversed,
and the following items are calculated, respectively:

1. Silhouette Score
The calculation formula is expressed as follows:

s(p) = i) —alx;
(i) = ax(a (), b)) @

where a(x;) is the average Euclidean distance between a sample and other samples within
the same cluster, which measures the intra-cluster compactness; and b(x;) is the average
Euclidean distance between sample x and all samples in the nearest neighboring cluster,
which measures the inter-cluster separation. The s(x;) value of a single sample ranges
within [—1, 1], and the closer it is to 1, the better the intra-cluster compactness and inter-
cluster separation.

The overall silhouette coefficient is the mean value of for all samples, and the calcula-

tion formula is as follows:
n

SC = 1Z:s(xl-) 8)
ni3

where  is the total number of samples, and s(x;) is the silhouette coefficient of a single sample.
The silhouette coefficient quantifies intra-cluster compactness and inter-cluster sepa-
ration, with values approaching 1 indicating well-distinguished wind turbine operating
clusters. This metric enables intuitive identification of overlapping operating conditions
in SCADA data. A higher overall silhouette coefficient represents superior clustering
performance, and the cluster number that yields the maximum silhouette value is regarded

as the optimal candidate from this indicator.

2.  Davies-Bouldin Score

The formula is given as follows:

D; + D, Di +D; D; +Dk> ©)

1 k
DB = =) max;y; PR PR
ki; 7 ( My M;; My
where D; is the diameter of the i-th cluster, D; is the diameter of the j-th cluster, and M;; is the
distance between the centers of the i-th and j-th clusters. For each cluster i, the maximum
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value of D’%Fj is calculated to find the most similar cluster j, and then the average is taken
over all clusters.

The Davies-Bouldin (DB) index evaluates the overall quality of clustering results.
Lower DB values correspond to more compact cluster distributions and distinct inter-
cluster boundaries. Featuring strong robustness against individual outliers, this index
serves as an effective complement to the silhouette coefficient. A smaller DB value signifies
better clustering performance, and the cluster number corresponding to the minimum DB

value is taken as the optimal clustering number for this metric.
3. Inertia

The inertia value, also referred to as the within-cluster sum of squared errors, quantifies
the sum of squared distances from each intra-cluster sample to the corresponding cluster
center. A lower inertia value denotes a higher degree of intra-cluster aggregation. The
corresponding calculation formula is presented as follows:

k
T=Y Y lx—wul? (10)
i=1

xXec;

where k is the currently set number of clusters, C; is the sample set of the i-th cluster, x is a
sample in the cluster, and y; is the cluster center of the i-th cluster.

In this formula, the inner sum calculates the aggregation degree of all samples within
a single cluster, while the outer sum accumulates the results of all k clusters to yield the
overall inertia value J(k) for the current cluster number.

The inertia value J(k) is calculated for each candidate k to plot the k—J(k) curve. As k
increases, the inertia value presents a continuous declining trend. At small k values, sample
partitioning is coarse, leading to a sharp drop in J(k). When k rises to a critical threshold,
the decline rate of J(k) decreases substantially, forming a distinct elbow inflection point on
the curve. The optimal cluster number for the inertia metric is determined via the elbow
method based on this inflection point.

3.3.2. Determination of the Optimal Cluster Number

The optimal clustering number corresponding to each indicator is determined sepa-
rately through the calculations in the previous subsection, where the k value corresponding
to the maximum silhouette coefficient is x;, the k value corresponding to the minimum
Davies—Bouldin index is x4y, and the k value corresponding to the inertia value descent
critical point is Kejpow-

First, the candidate cluster number set is constructed as follows:

K = {Ksil, Kdb Kelbow } (11)

Then a voting mechanism is adopted to determine the optimal solution. If duplicate
cluster numbers exist, the value with the highest frequency is selected; if the three values
are different from each other, the median is taken as the compromise solution, the formula
is as follows:
argmaxcount(k), duplicate value sexist

median(K), All three are dif ferent (12)
kbest = Chp(kvote/ 2, 8)

To avoid under-clustering due to too few clusters and over-clustering caused by redun-

kvote =

dant clusters, the optimal cluster number is restricted to the interval [2, 8]. This constraint
is formulated with reference to real-world wind turbine operation patterns and practical
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engineering experience of K-means clustering, guaranteeing that the obtained clustering
results are physically interpretable and practically applicable in engineering scenarios.

3.4. Cluster Density Calculation and Anomaly Detection

Anomaly detection constitutes the core objective of SCADA data preprocessing. Based
on the grid density distribution characteristics calculated and statistically analyzed in
Section 2.2, the proposed VGO-K-means algorithm develops a clustering density calculation
method and corresponding anomaly detection logic. This method relies on the inherent
distribution property that normal operating samples present high clustering density while
abnormal samples exhibit low clustering density, enabling effective identification and
elimination of anomalous data in wind turbine SCADA datasets.

3.4.1. Clustering Density Calculation
Clustering density reflects the aggregation degree of samples within a cluster, and the

calculation formula is as follows:

ni

density. =
Yi ™ Jdet(cov; + 105 1) 1 10-6

(13)

where #; is the number of samples in the i-th cluster, cov; is the covariance matrix of the
i-th cluster, and I is the identity matrix.

Det(-) denotes the matrix determinant calculation, which is implemented by a nu-
merically stable algorithm based on LU decomposition. The matrix is decomposed into
the product of a lower triangular matrix and an upper triangular matrix. Leveraging the
property that the determinant of a triangular matrix equals the product of its diagonal
entries, the matrix determinant can be calculated efficiently.

For the multi-dimensional SCADA data of wind turbines, the regularization parameter
e is usually set in the range of 1070~1071°, where 1078 is a universal safe value that can
balance numerical stability and data fidelity. Adding the regularization term 10~°I can
solve the problem of singular covariance matrices caused by an insufficient number of
in-cluster samples.

The denominator /det(cov; + 10-8 - T) represents the clustering volume; the smaller
the volume and the larger the number of samples, the higher the clustering density, indicat-
ing that the cluster corresponds to a normal operating condition cluster.

3.4.2. Density-Based Anomaly Detection

Each sample is mapped to the density value of its corresponding cluster, the density
threshold T is calculated as follows:
T = percentile ({densityl- S 20) (14)
To determine an appropriate threshold, comparative experiments are conducted at
levels of 10%, 15%, 20%, 25%, and 30%. The 20% level is selected as it yields the highest
F1-score. The density threshold T is determined using the 20% percentile. The density
value at the 20% position calculated by the percentile function np.percentile is taken as the
threshold t. Samples with density lower than T are identified as outliers, and the formula
is given as follows:
1, density(x) <T

15
0, otherwise (15)

outlier(x) = {

This method can automatically identify and eliminate low-density outliers and remove
anomalous operating mutations and sensor noise interference in SCADA data, including
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power anomalies induced by abrupt wind speed fluctuations and temperature data jumps.
Accordingly, effective cleaning of wind turbine SCADA data can be achieved.

The proposed VGO-K-means framework exhibits prominent superiority over con-
ventional clustering methods for wind turbine SCADA data processing. Benefiting from
adaptive grid partitioning, this method dynamically adjusts the partitioning granularity of
each feature dimension to adapt to uneven data distributions, effectively overcoming the in-
herent limitations of the uniform grid strategy adopted in standard K-means. Furthermore,
the multi-index voting strategy integrating the silhouette score, Davies-Bouldin index, and
inertia value enables automatic optimal cluster number determination, eliminating manual
parameter tuning. Combined physical constraint and grid density dual-screening distin-
guishes noise points from valuable low-density fault samples, thereby preventing excessive
data filtering. In addition, sparse grid computation only processes core data features to
reduce computational overhead, supporting large-scale dataset processing. Equipped with
the above optimizations, the proposed algorithm achieves accurate anomaly detection with
low computational consumption, making it well-suited for real-time online preprocessing
of wind farm SCADA data.

4. Experimental Verification
4.1. Data Quality Assessment

In this study, one month of operational SCADA monitoring data collected from a
1.5 MW wind turbine in an onshore wind farm was adopted for experimental validation.
The raw dataset consists of 10,080 records and 25 measurement variables, covering core
operational parameters including wind speed, output power, rotational speed, pitch angle,
and temperature. The one-month data duration adequately reflects the typical monthly
operational characteristics of wind turbines.

In terms of data quality, missing values are well controlled across the dataset, with
only eight features exhibiting missing data. Specifically, the missing rate of the generator
bearing inner ring temperature reaches 6.8% due to temporary sensor faults, while the 30
s average wind speed presents random missing values, with the lowest missing rate of
1.2%. More than 90% of consecutive missing segments last no longer than 30 min, and no
full-column missing data occur throughout the dataset.

The overall abnormal data rate is consistent with the normal industrial level, reaching
9.9% and falling within the standard industrial range of 5-15%. Specifically, physical con-
straint anomalies account for 5.2% (e.g., wind speed exceeding 30 m/s and negative output
power), operational mutation anomalies account for 3.1% (e.g., short-term sharp fluctua-
tions in wind speed), and sensor noise anomalies such as temperature jumps constitute the
remaining 1.5%.

4.2. Effectiveness Verification

Based on the physical characteristics and engineering practice of wind turbines, 12 core
features are selected as the input data for preprocessing in this experimental verification,
which are listed as follows (Table 1):

Table 1. Feature Selection.

Feature Category Specific Feature Name Unit
. Instantaneous wind speed m/s

Wind .
10 s average wind speed m/s

speed parameters .
30 s average wind speed m/s
Power parameters Active power kw
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Table 1. Cont.

Feature Category Specific Feature Name Unit

Rotor speed

Rotational speed parameters Generator speed

Pitch angle 1 °
Pitch angle parameters Pitch angle 2 °
Pitch angle 3 °
Outside nacelle temperature °C
Temperature parameters Generator bearing inner ring temperature °C
Generator internal air temperature °C

Taking anomaly detection accuracy and computational efficiency as core evaluation
indicators, this study selects the conventional K-means, density-based DBSCAN, and fixed-
grid K-means algorithms for comparative experiments, so as to validate the effectiveness of
the proposed variable grid optimization-based K-means (VGO-K-means) algorithm.

1. Anomaly detection metrics

The anomaly detection metrics used here include Precision, Recall, and F1-score, where
the Fl-score is taken as the core evaluation metric, and its calculation formula is given

as follows: Precisi Recall
recision X Reca
F1=2 1
% Precision + Recall (16)

2. Algorithm Key Parameter Settings

To achieve unbiased comparative experiments, the parameter configurations of the
proposed VGO-K-means and three baseline clustering algorithms are summarized in
Table 2.

Table 2. Parameter settings of the compared algorithms.

Algorithm Parameters Specific Values
.. Max iterations, convergence threshold, Max_iter =300, tol =1 x 1074, k
Traditional K-means o . .
random initial centroids determined separately for each dataset
DBSCAN Neighborhood radlus.eps, minimum eps = 0.12, MinPts = 8
sample points
Fixed-grid K-means Fixed grid width for all dimensions Grid width = 0.5 (uniform for all features)

Base grid resolution vy, grid number v =05,N; € [5,30], ¢ = 108, T = 20%

limits, regularization term, density . . .
percentile threshold, candidate k range, percentile, CandeZt([eszE] [2,20], optimal

final k constraint

Proposed VGO-K-means

Then, 12 core feature variables, shown in Table 1, are selected as model inputs. Preci-
sion, Recall and F1-score are adopted to quantify anomaly detection performance, and total
running time is used to evaluate computational efficiency. The experimental comparison
results will be reported in Table 3.

3. Computational efficiency metric

The computational efficiency metric used here is the total running time of the algo-
rithm, which reflects the engineering practicability of the algorithm in high-dimensional
data scenarios.

The results are shown in the table below.
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Table 3. Comparison Results of Validity.
Pre-Treatment Method Precision  Recall F1-Score COlTlputathIl
Time (s)
Traditional K-means algorithm 75.2% 71.5% 0.73 1.3
Density-based DBSCAN algorithm  80.3% 76.1% 0.78 5.6
Fixed-grid K-means algorithm 83.5% 78.9% 0.81 1.8
VGO-K-means algorithm 96.8% 82.4% 0.89 3.9

4.2.1. Comparison of Anomaly Detection Accuracy

This study utilizes 892 manually labeled abnormal samples from SCADA datasets for
performance validation of the proposed VGO-K-means algorithm, including 421 physical
constraint anomalies, 315 operating condition mutation anomalies, and 156 sensor noise
anomalies. Experimental results show that the VGO-K-means algorithm achieves a recall
of 98.3% for physical constraint anomalies and 91.1% for operating condition mutation
anomalies, as well as a precision of 87.2% for sensor noise anomalies, with an overall
F1-score of 0.89. Relative to manual labeling results, the algorithm achieves a missing
detection rate of only 3.2% and a false detection rate of 5.7%, demonstrating its capability to
effectively identify diverse SCADA data anomalies and satisfy the precision requirements
for wind turbine data preprocessing.

Comparative experiments reveal the performance advantages of the proposed method
over conventional algorithms. The traditional K-means algorithm with fixed cluster num-
bers yields a low recall of 75.2% for sparse abnormal samples and an F1-score of 0.73.
The DBSCAN algorithm exhibits favorable robustness against noise anomalies but suffers
from poor adaptability to high-dimensional data, resulting in an Fl-score of 0.78. The
fixed-grid K-means algorithm fails to adapt grid resolution to complex data distributions,
achieving an Fl-score of 0.81. In contrast, the proposed VGO-K-means algorithm inte-
grates multi-indicator optimal cluster number determination and adaptive grid density
optimization, reaching a higher F1-score of 0.89. The superior quantitative performance
verifies the outstanding anomaly detection accuracy of the proposed method compared
with traditional K-means and DBSCAN algorithms.

4.2.2. Computing Efficiency Comparison

As summarized in Table 2, the conventional K-means achieves the shortest compu-
tation time of 1.3 s, as it only performs basic iterative clustering without additional grid
partitioning, density estimation, or automatic cluster number optimization. The fixed-grid
K-means requires 1.8 s, with a slight increase in computational overhead caused by the
uniform grid division for data density characterization.

In comparison, DBSCAN yields the highest time consumption of 5.6 s. Its time
complexity increases drastically when processing high-dimensional and large-scale SCADA
data, since the algorithm traverses all sample pairs to calculate neighborhood density. This
deficiency severely restricts its applicability for real-time wind farm online monitoring.

The proposed VGO-K-means framework requires 3.9 s for the complete workflow.
Although its computational cost is moderately higher than that of conventional K-means
and fixed-grid K-means, it achieves comprehensive performance improvements in quanti-
tative evaluation metrics. The proposed method obtains a superior Fl1-score and a precision
of 96.8%, which significantly outperforms both the gridless and fixed-grid K-means vari-
ants. Meanwhile, VGO-K-means consumes considerably less runtime than DBSCAN while
achieving higher anomaly detection accuracy. Additional computational scalability experi-
ments are presented in Appendix A to further evaluate the applicability of the proposed
method for large-scale SCADA data processing.
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The moderate extra computational overhead mainly stems from two core modules:
adaptive grid density calculation and the multi-index voting strategy for automatic optimal
cluster number determination. These two modules eliminate manual parameter tuning and
enhance anti-noise capability, constituting the key technical improvements of this study.
Overall, the proposed VGO-K-means achieves an excellent trade-off between anomaly
detection accuracy and computational efficiency, demonstrating promising engineering
practicability for high-dimensional wind turbine SCADA data preprocessing.

4.2.3. Comparative Analysis of Wind Speed-Power Curve Cleaning Results

To intuitively illustrate the data processing performance of the proposed VGO-K-
means algorithm, wind speed and active power datasets are selected for comparative
analysis against conventional K-means, density-based DBSCAN, and fixed-grid K-means.
Wind speed-power characteristic curves are plotted, respectively, using the processed
results from the four algorithms, as illustrated in Figure 2.
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Figure 2. Wind speed-power curve.
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From the perspective of curve distribution, the conventional K-means algorithm is
constrained by the random initialization of cluster centers, leading to poor adaptability
to complex data distributions and indistinct curve boundaries. This method misjudges
substantial normal data points in the high-wind-speed and high-power region as outliers.

Although the DBSCAN algorithm is capable of identifying most low-density noise
points, it exhibits unstable partitioning of wind turbine operating states. It fails to effectively
eliminate numerous shutdown and power-limited data samples and tends to cause cluster
splitting or excessive removal of valid operating points, thereby destroying the local
integrity of the wind speed-power curve.

The fixed-grid K-means algorithm enhances clustering stability through grid parti-
tioning. Nevertheless, its fixed grid size cannot adapt to spatial variations in data density,
resulting in coarse boundary discrimination in both the power saturation region and low
wind speed region.

In contrast, the proposed VGO-K-means algorithm leverages adaptive variable grid
density weighting and multi-index-based optimal cluster number determination. It accu-
rately distinguishes diverse wind turbine operating states, effectively eliminates anomalous
outliers, and fully preserves authentic operational trends. The clustering results are highly
consistent with the theoretical wind turbine power curve. The superior data cleaning
and feature representation performance of VGO-K-means verify its greater suitability for
refined preprocessing of wind turbine SCADA data compared with all baseline algorithms.

5. Conclusions

The method proposed in this paper constructs a feature system and data preprocessing
workflow that conforms to the physical operating characteristics of wind power equipment.
A hybrid scheme combining 3o statistical filtering and Z-score normalization is applied
to SCADA data to correct the statistical interference of extreme outliers and eliminate
dimensional differences among multiple features.

To address the inherent limitations of conventional K-means, including fixed grid con-
straints and manual selection of cluster number k, this algorithm develops an adaptive grid
density calculation and multi-index clustering decision mechanism. The grid quantity is dy-
namically allocated according to the numerical range of each feature dimension, enabling
adaptive fitting to the heterogeneous distribution characteristics of multi-dimensional
wind power data. Furthermore, a multi-index voting strategy integrating the silhouette
coefficient and inertia value is adopted to automatically determine the optimal cluster
number. This strategy avoids the decision bias induced by single-index evaluation, renders
clustering results more consistent with the actual operating conditions of wind turbines,
and effectively resolves the separation difficulty of non-spherical clusters.

From an engineering application perspective, the proposed method effectively reduces
the dependence on manual parameter tuning in SCADA data processing and improves the
robustness of data-driven wind turbine condition monitoring and analysis. By improving
the accuracy of operational state identification and data cleaning, this approach mitigates
the risk of operating state misclassification, thereby enhancing the reliability of subsequent
fault diagnosis and operational decision-making. Furthermore, the proposed framework
can be seamlessly integrated into existing wind farm monitoring systems to support real-
time data preprocessing and intelligent maintenance scheduling, which ultimately reduces
wind farm maintenance costs and improves overall operational efficiency.
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Appendix A. Computational Scalability Verification

To verity the scalability of the proposed VGO-K-means algorithm with respect to the
number of dimensions and sample size, supplementary experiments are conducted on
wind turbine SCADA datasets.

Appendix A.1. Experimental Settings

Dimension settings: 8, 12, 16, 20;
Sample size settings: 10,000, 50,000, 100,000, 500,000;
Evaluation metric: total computing time (seconds).

Appendix A.2. Results and Analysis

Table A1 shows the computing time under different dimensions with a fixed sample
size of 100,000. Table A2 shows the computing time under different sample sizes with a
fixed dimension of 12.

Table Al. Computing time under different dimensions.

Number of dimensions 8 12 16 20
Computing time (s) 21 3.9 4.3 48

As the dimension increases from 8 to 20, the computing time rises linearly, indicating
stable efficiency under high-dimensional conditions.

Table A2. Computing time under different sample sizes.

Sample size 10,000 50,000 100,000 500,000
Computing time (s) 0.8 21 3.9 9.4

As the sample size increases from 10,000 to 500,000, the computing time increases
sub-linearly, showing excellent scalability for large-scale SCADA data.

Appendix A.3. Conclusion

The proposed VGO-K-means algorithm exhibits superior scalability. The computing
cost grows linearly with the number of dimensions and sub-linearly with the sample size,
which is suitable for efficient preprocessing of high-dimensional and large-volume wind
turbine SCADA data.
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