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Abstract

Power quality disturbances (PQDs) and energy management parameters (EMPs) pose significant operational challenges in
radial distribution systems. Fast and accurate computational solutions are essential for efficient system performance. This study
introduces a novel parallel computing approach for clustering-based PQD and EMP analysis, leveraging the density-based
spatial clustering of applications with noise (DBSCAN) algorithm. The proposed method reduces processing times by more
than 40% compared to sequential implementations, enabling real-time analysis and facilitating operator decision-making. A
comparative evaluation with a parallel k-means approach reveals that k-means achieves slightly higher clustering efficiency,
while DBSCAN provides automatic cluster selection. The methodology is validated on the IEEE 33-bus radial distribution
system, where new correlations between PQD variations and their impact on EMPs are identified, offering insights for energy
management optimization. The findings demonstrate that parallel computing enhances clustering performance, significantly

improving computational efficiency and integration of PQD and EMP calculations for large-scale distribution networks.

Keywords Power quality - Parallel computing; k-means - DBSCAN

1 Introduction

Power quality has become a growing concern owing to the
increasing prevalence of nonlinear loads, power electron-
ics, distributed generation, renewable energy, and electric
vehicles. All of these factors collectively challenge the sta-
bility and reliability of power systems [ 1-3]. The term’power
quality’ refers to sustaining the magnitude and frequency of
the near-sinusoidal rated voltage of a power system. Any
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deviation of these references of rated magnitudes, which
may involve various electromagnetic phenomena known as
power quality disturbances (PQDs), produces signal devi-
ations that are notable in power system measurements and
energy management parameters and, therefore, enormously
affect the efficiency and costs of the system [4]. Calculating
the severity index for these deviations provides valuable data
on disturbance levels in the distribution system [S]. Thus,
accurate measurement of power quality is critically impor-
tant for monitoring power systems. Furthermore, modern
energy sources, such as solar and wind, have increased the
complexity of electrical systems and the difficulty of energy
management. Designing new power networks based on pre-
vious ones has increased the energy supply to consumers
without incorporating modern technologies for control, mea-
surement and communication [6].

However, modern technologies can facilitate power qual-
ity monitoring and energy management, allowing for a reduc-
tion in the costs related to purchasing electrical energy. It
aims to achieve energy sufficiency within the required limits,
while maintaining the system protected at all times. This effi-
cient energy management can be applied in different phases,
from the generation, using renewable energy sources and/or

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s13369-025-10224-8&domain=pdf
http://orcid.org/0000-0003-3890-2619

Arabian Journal for Science and Engineering

co-generation, through transportation, applying efficient pro-
cesses and equipment, and using efficient storage and control
devices. These techniques have steadily increased, effec-
tively meeting demandside management goals [7]. The shift
towards smart grids and the integration of renewable energy
emphasize the importance of energy management systems.
These systems are designed to oversee, control, optimize,
and manage the generation, transmission and distribution
systems. They enable utilities to gather, store, and analyze
data from hundreds of thousands of points across national or
regional networks [7]. These systems support network mod-
eling, power simulation operations, fault detection, outage
prevention and participation in energy trading markets and
are crucial for modernizing power networks and advancing
the development of smart grids and highly automated energy
systems in the future [8]. Many researchers have worked
on system simulations, signal detection and power system
reconfiguration under different conditions [9]. Nevertheless,
there is limited literature on comprehensive power quality
measurements for studying energy management parame-
ters using new methods. Clustering algorithms, including
k-means, are becoming essential tools for studying and mod-
ernizing electric power systems; in [10], k-means is used to
analyze the energy characteristics of “prosumers”, catego-
rizing them based on two specific indicators, which can help
optimize distribution network operations. Density-based spa-
tial clustering of applications with noise (DBSCAN) is the
most famous density-based clustering algorithm and is also
used in power systems [9, 11]. However, there are many
redundant distance computations in the DBSCAN cluster-
ing process, which yield high complexity and low efficiency
[12].

In power quality, time—frequency transforms are crucial
for analyzing power quality issues because they capture
both temporal and frequency variations in electrical sig-
nals. Unlike traditional Fourier analysis, which only shows
the frequency content, time—frequency transforms reveal
transient disturbances that impact power systems, aiding
in real-time monitoring and diagnosis [13—16]. The use of
time—frequency transforms together with clustering algo-
rithms requires high computational requirements. To make
operations fast, efficient, and accurate, parallel computing
was applied in power systems, introduced in [17], as a tool to
improve the time response and solve complexity problems.

Recent developments in DBSCAN methodologies have
broadened its applicability and effectiveness across various
domains. For example, an extended DBSCAN algorithm has
been developed to identify clusters with varying densities
by assigning a regional density value to each object and uti-
lizing a dynamic radius for core points, thereby enhancing
its ability to detect closely packed clusters [16]. Similarly,
EDBSCANH, designed for large satellite image datasets,
employs a histogram-based approach to efficiently manage
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data and introduces additional parameters to better accom-
modate both dense and sparse regions [18]. Additionally,
the HF-DBSCAN algorithm has been refined for analyz-
ing complex trajectory data in smart campus environments,
integrating distance measures and grid division methods to
enhance clustering accuracy and adaptability for non-convex
data structures [19]. DBSCAN clustering has also been incor-
porated to improve feature selection and execution efficiency
[20, 21]. A deep clustering algorithm specifically designed
for large datasets has also been proposed [22, 23], although its
effectiveness for density-based methods such as DBSCAN
remains limited compared to hierarchical approaches such
as BIRCH. Taken together, these studies highlight ongoing
efforts to refine clustering techniques and optimize com-
putational frameworks for various applications. Moreover,
conventional machine-learning approaches for PQD classifi-
cation are limited by their reliance on sequential processing,
leading to longer detection and response times. These limita-
tions decrease the ability to implement real-time monitoring
and control strategies in modern smart grids. Parallel comput-
ing is crucial in analyzing and mitigating PQD by enabling
real-time, high-resolution processing of large-scale power
system data.

The present study exploits parallel computing techniques
and existing resources, such as parallel clustering algo-
rithms DBSCAN and k-means, to enhance the speed and
accuracy of PQD detection. By distributing computational
tasks across multiple processing units, the approach sig-
nificantly reduces execution time, improves scalability, and
enables more responsive PQD mitigation strategies. This
advancement strengthens the foundation for real-time energy
management in smart grids, ensuring greater reliability and
stability in both grid-connected and islanded microgrid envi-
ronments.

The ob jective of this work is to leverage the advan-
tages of parallel computing using DBSCAN to address the
challenges posed by PQDs and EMPs in radial distribution
systems. These advantages translate into a reduction in the
time required to perform the analysis and identification of
key power quality metrics such as THD (voltage and cur-
rent), voltage imbalances and flicker, while determining the
associated EMPs. A comparative study with the parallel k-
means method is performed to evaluate its effectiveness. The
proposed DBSCAN-based approach is validated on the IEEE
33-bus radial distribution system, demonstrating advantages
such as time efficiency, high computational performance and
robust integration of PQD and EMP calculations.

The contributions of this study are as follows:

1. The first application of parallel computing to clustering
algorithms for the combined analysis of PQDs and EMPs
in electrical distribution systems. The proposed approach
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is validated on the IEEE 33-bus test system, obtaining the
results shown in Sect. 4.

2. The novel application of parallel computing to the
DBSCAN and k-means clustering algorithms achieves
a reduction of more than 40% in processing times and
slightly improves efficiency in results, compared to tra-
ditional sequential implementations, paving the way for
real-time analysis and facilitating decisionmaking in net-
work management.

3. The proposed approach allows the identification of corre-
lations between PQD variations and their impact on EMP,
which has important implications for the optimization of
energy management.

The paper is divided into five sections to develop the
objectives and address the contributions. In addition to this
introduction, Sect. 2 describes the DBSCAN and k-means
cluster analysis methodologies, and parallel computing.
Section 3 introduces the case study, where these method-
ologies are developed on PQDs and EMPs measurements.
Section 4 presents the results obtained from the application
of these methodologies using parallel computing and its cor-
responding discussion. Finally, conclusions are shown.

2 Methods and Methodology
2.1 DBSCAN and k-Means Algorithms

Clustering is an unsupervised machine-learning technique
that organizes data points into groups or clusters based
on their similarities. Popular clustering algorithms include
DBSCAN [24, 25] and k-means [21]. DBSCAN is a
density-based algorithm that groups data points according
to their density. Two important parameters are required for
DBSCAN. The first is epsilon (¢) which defines the radius
of a neighborhood around a point x. The second param-
eter is the minimum points (MinPts), which refers to the
minimum number of neighbors within the e-radius [26]. It
classifies points as core (with many neighbors), border (with
few neighbors but near a core point), or outliers (isolated
points), as shown in Eqgs. (1) and (2). Figure la shows the
general flowchart of DBSCAN. Core points were connected
to form clusters, border points were assigned to these clusters
and outliers were excluded. Hence, DBSCAN is effective for
identifying clusters of varying shapes and for handling noise
[23]. In contrast, k-means is a centroid-based algorithm that
divides data into k-clusters by randomly placing centroids,
assigning each data point to the nearest centroid and itera-
tively adjusting the centroids until the clusters stabilize [27].
K-means works well with clearly defined clusters, as shown
in Egs. (3) and (4), and Fig. 1b shows the proccess map for
k-means. Both algorithms are valuable tools for clustering,

with strengths depending on the nature of the data.
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These equations and definitions underpin DBSCAN and
k-means clustering algorithms, allowing them to partition
data into meaningful groups based on different criteria.

Figure 2 shows a simple example to explain how the
DBSCAN and k-mean clustering methods work. DBSCAN
clusters points based on two parameters, density (&), which
sets the maximum distance between two points for them to be
considered neighbors, and size (MinPts), which sets the min-
imum number of points needed to form a cluster. It can find
clusters of any shape and automatically label as noise those
points that are not close to any cluster, making it ideal for
detecting outliers and irregular patterns. On the other hand,
k-means requires the number of clusters (k) to be specified in
advance and works by placing k-centroids, assigning points
to the nearest centroid, and iteratively updating the centroids
until they stabilize. K-means is fast and better suited to well-
defined and uniformly distributed clusters, while DBSCAN
excels at handling noise and arbitrary cluster shapes. Both
methods are powerful, but serve different purposes depend-
ing on the structure of the data.

2.2 Proposed Parallel Computing

Parallel computing involves dividing large and complex sci-
entific procedures into smaller tasks and simultaneously
performing them using multiple computer resources. This
approach leverages the combined processing power of multi-
core CPUs and GPUs to perform computations more quickly
and handle larger data sets than is possible with a single
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Fig. 1. General flow chart for
DBSCAN (a) and k-means (b).
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processing unit. The types of parallel computing include bit-
level, instruction level, data level, task, and data parallelism
[28]. Data parallelism involves dividing the data into multiple
sets, with each set processed by different workers using the
same instruction. By contrast, task parallelism assigns multi-
ple activities within a given operation to different workers for
simultaneous processing [29]. The present study employed
data parallelism to identify PQDs and EMPs.

@ Springer

The power flow for the 33-bus IEEE system was ana-
lyzed under each PQD and EMP scenario. The input data
for the PQDs and EMPs underwent a preprocessing step
to prepare for clustering, normalization, and feature selec-
tion. In parallel computing, a set of workers collaborate to
perform a given job, communicating with one another dur-
ing execution. The client session (job scheduler) and the
workers operate on the same computer. The evaluation of
four indices for PQDs (THDI, THDYV, unbalanceandflicker)
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and four indices for EMPs (production, consumption, active
power, and reactive power) were divided into various tasks by
the job scheduler. These tasks were then assigned to different
workers. Upon completion, the workers submit their results
to the job scheduler, which consolidates the evaluations of the
PQDs and EMPs. The purpose of analyzing PQDs is to deter-
mine their effect on electrical power systems and EMPs. The
initial parameter sets for each algorithm were determined:
DBSCAN (e and MinPts) and k-means (number of clusters
and initial centroids), where the number of clusters must be
specified before running the algorithm. This represents the
number of distinct groups that the algorithm wants to iden-
tify within the dataset. The initial centroids are the starting
points for each cluster, and are frequently selected randomly
from the dataset.

Figure 2 illustrates a graphical example for DBSCAN and
k-means and Fig. 3 shows the architecture of the proposed
parallel computing with DBSCAN and k-means for PQDs
and EMPs.

3 Case Study: PQDs and Energy
Management in System Model

The assessment of power quality has become increasingly
important with the rise of sensitive power electronic devices
in daily life. The initial absence of standardized measurement
methods caused notable discrepancies in the major parame-
ters calculated using various devices. Consequently, power
quality disturbances can result in equipment malfunctions
and process interruptions. IEEE Recommended Practice for
Monitoring Electric Power Quality [30] and the EN50160
standard [31] address this issue by outlining a specific proce-
dure, mathematical relationships and necessary measurement
accuracy for power quality analyzers. For power quality
monitoring, a short averaging time can be adequate for eval-
uating the performance and disturbances related to power
quality issues. The primary objective of this study was to ana-
lyze power quality issues in power systems and their effects
on energy management in the same system. Power quality
measurements were obtained from radial power systems, as
shown in Fig. 4.

Voltage levels generated by power station centers typically
increase to 70-500 kV through transformers on transmission
lines. This high voltage was then reduced to a medium or
primary distribution voltage, typically 20 kV. At the distribu-
tion substation, the primary distribution voltage was further
lowered to a low voltage of 380/220 V before being dis-
tributed to consumers. To perform the initial step of this
work (load flow), the necessary data include resistance (R),
reactance (X), active load (P) and reactive load (Q). These
parameters, along with point data and line lengths, define the
IEEE 33-bus test system [32]. The 33-bus radial distribution
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Pre-processing

Normalized
Data
Splitting
Initialize
Parameters

: ‘ DBSCAN
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Evaluation

_____________________________

Fig. 3 The architecture of proposed parallel computing with DBSCAN
and k-means for PQDs and EMPs

system comprises an unbalanced three-phase system and a
balanced power system. This study considers the unbalanced
three-phase distribution system to be associated with the dis-
tributed and renewable energy resource and demand response
mechanisms, along with appropriate reactive power compen-
sation units [33]. The voltage systemis a 12.66 kV one-feeder
substation that encompasses 33 buses, 32 branches and four
distributed generation units (installed on buses 18, 22,25 and
33) and two reactive power compensation systems connected
to buses 18 and 33 with 0.4 MV Ar and 0.6 MV Ar, respec-
tively. The total active and reactive demands are 3.715 MW
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Fig. 4. Single line diagram of the 33-bus IEEE test system [32].
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and 2.3 MV Ar, respectively. The power quality parame-
ters considered in this work are THDI, THDV, unbalance,
flicker, accompanied by voltage and current measurements.
The selection of these variables is based on their relevance in
steady-state operation and long-term power quality analysis.
Meanwhile, other issues, such as sag and swell, are criti-
cal but they are typically monitored in specific scenarios,
wherein transient events are the primary concern. Flicker is
included because of its effects on lighting and human com-
fort, making it a critical parameter in certain environments.
EMPs (production [kW], consumption [kW], active power
[kW] and reactive power [kV Ar]) are studied to understand
the effects of PQDs on a power system [27]. The measure-
ment unit for production and consumption performed with
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Fig. 7. Statistical analysis of DBSCAN clustering for PQDs using par-
allel computing.

power measurements is kW. The matrix for PQDs is [13105
x 6] and that for EMPs is [13105 x 4], indicating that the
total samples are 78,630 and 52,420, respectively. For each
dataset with 128 samples per cycle, sampling frequency is
6400 Hz and system frequency is 50 Hz.

4 Results and Discussion

In this section, the performance of the DBSCAN and k-means
algorithms, both implemented in parallel computing, is eval-
uated using two data sets, PQD and EMP, obtained from the
analysis of the IEEE bus-33 network.

4.1 Results for PQDs

The inputs for analyzing PQD patterns are the measurements
of THDI, THDYV, unbalance, and flicker, accompanied by the
voltage and intensity measurements. These inputs preserve
temporal relationships and patterns in the data, which are
important for time series analysis. To perform the analysis
using DBSCAN itis first necessary to set the parameters ¢ and
MinPts that control, respectively, the density and the cluster
size. The values of these parameters were determined by trial
and error. A comparative analysis of the results according
to the values of these parameters is shown in Table 1. The
values chosen were ¢ = 0.5 and MinPts = 5. The result of
the clustering using parallel DBSCAN, configured with the
indicated parameter values, is shown in Fig. 5.

Four parallel clusters, labeled with — 1, 0, 1 and 2, were
automatically established and chosen under the supervision
of DBSCAN parallel computing technique. Cluster (— 1)
contains the majority of data points and is considered noise
by the parallel DBSCAN. High standard deviations indicate
significant variability within this cluster. Clusters (0) and (1)
were relatively small with low variability, indicating closely
related points within each cluster, and finally, cluster (2) was
the smallest cluster and thus had low variability and high
cohesion among its points. On the other hand, for the k-
means clustering algorithm, the parameter required to be set
prior to its execution is the number of clusters (n cluster).
A random-state parameter was used to ensure reproducibil-
ity. It sets the seed for the random-number generator used in
the k-means algorithm. By fixing the seed, the initial clus-
ter centroids were selected in the same manner every time
the algorithm was run, resulting in consistent and repeat-
able clustering results. This condition is particularly useful
for comparing results across different runs or when sharing
results with others. Again, using trial and error, it was set to
three, as this number was found to better match the underly-
ing structure of the data and provide more easily interpretable
results, see Table 1. The results were three Clusters (0), (1),
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Fig. 8. Statistical analysis of k-means clustering for PQDs using parallel computing.

and (2) that enable a high analysis level of the PQD data, as
shown in Fig. 6.

Cluster (0) is characterized by a slightly lower voltage
and higher imbalance compared with the other clusters, indi-
cating that this group may represent an unbalanced voltage
disturbance or a set of equipment with these characteristics.
Cluster (1) had a higher voltage and current with lower T
HDV and T HDI values, representing a more stable opera-
tional condition with relatively lower harmonic distortions
and flicker values. Cluster (2) features the highest voltage
and flicker values, with higher THDV and THDI, indicating
that points in this cluster may experience more voltage vari-
ations and harmonic distortions. The comparison between
parallel DBSCAN and parallel k-means clustering results
revealed notable differences in the statistical characteristics
of the clusters across various electrical parameters. In the
parallel DBSCAN clustering results, clusters exhibited wider
ranges and more variability in most metrics than the parallel
k-means clusters. For instance, in the Voltage parameter, par-
allel DBSCAN clusters range from a minimum of 213.88 V to
a maximum of 227.57 V, whereas parallel k-means clusters
span the same range. However, the mean values for Volt-
age show slight variations, with parallel DBSCAN clusters
ranging from 218.64 to 221.30 V and parallel k-means clus-
ters ranging from 218.64 to 220.01 V. Similarly, in terms
of Current, THDV, THDI, Unbalance and Flicker, paral-
lel DBSCAN clusters generally exhibit wider ranges and
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slightly higher variability in mean values than parallel k-
means clusters, as shown in Figs. 7 and 8.

These results suggest that parallel DBSCAN may iden-
tify clusters with more diverse and spread-out data points,
whereas k-means clusters tend to be more compact and less
varied in their statistical profiles. These differences under-
score the distinct clustering approaches of DBSCAN, which
identifies clusters based on density, and parallel k-means,
which partitions data into clusters based on centroid prox-
imity. These approaches influence the definition of clusters
and their statistical distributions across the analyzed electri-
cal parameters. Figures 5 and 7 show the minimum, 25th
percentile, 50th percentile (median), 75th percentile and
maximum values for each parallel cluster in both DBSCAN
and k-means results across the variables voltage, current,
THDYV, T HDI, unbalanced and flicker.

4.2 Results for EMPs

According to the EMPs, the DBSCAN and k-means clus-
tering results present different perspectives on the data,
reflecting the unique methodologies of each clustering algo-
rithm. For EMPs, DBSCAN established three clusters (— 1,0
and 1) as shown in Fig. 9. In contrast, the k-means clustering
results delineate the data into three distinct clusters based on
their centroids, showing a different distribution of variables,
as shown in Fig. 10.
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Table 1 Comparison of results for different parameters of the parallel
DBSCAN and k-means methods

Method DBSCAN DBSCAN k-means
Parameter £050.3,0.7, MinPts n cluster
Chosen value 1.0 5 3
Alternatives 3,10 2,4,5
values
Results with Balanced Reasonable Aligns with the
chosen clusters cluster synthetic data
values numbers sizes
and noise without
points excessive
noise
Results with & = 0.3: Too MinPts = nclusters = 2:
alternative many noise 3: Smaller Oversimplifies,
values points and less mean- merges distinct
small ingful sources. 1
clusters. & clusters clusters = 4/5:
=0.7/1.0: MinPts = Overfits,
Fewer 10: Fewer creates less
clusters, clusters, meaningful
may over- more noise clusters
simplify
Justification e=05,a MinPts = 5 n clusters = 3:
for chosen good ensures matches the
values balance clusters are underlying
between dense and structure of the
identifying meaning- data and
meaningful ful without provides
clusters and restrictive interpretable
filtering out results

noise

For DBSCAN, cluster (— 1), representing noise points
which exhibit significantly higher average values in all vari-
ables (Production, Consumption, Active Power and Reactive
Power). Specifically, the mean Production for Cluster (1)
is 305.89 kW, Consumption is 242.70 kW, Active Power is
193.14 kW and Reactive Power is 49.78 kV AR, which are
considerably higher than the means of DBSCAN Clusters
(0) and (1). DBSCAN Cluster (0), which includes the major-
ity of the data points, shows lower mean values: Production
at 188.34 kW, Consumption at 166.46 kW, Active Power at
130.75 kw and reactive power at 29.81 kV AR. DBSCAN
Cluster (1), with fewer data points than Cluster (0) but more
than the noise cluster, has the lowest mean values: Produc-
tion at 150.98 kW, Consumption at 100.26 kW, Active Power
at 79.92 kW and Reactive Power at 20.17 kV AR, as shown
in Fig. 11. These differences highlight how DBSCAN effec-
tively segregates noise from structured clusters, emphasizing
the significant variances within the data.

The k-means Cluster (0) groups the data points with the
lowest mean values: Production at 100.26 kW, Consumption
at 120.12 kW, Active Power at 89.47 kW and Reactive Power
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Fig.9. Results of DBSCAN clustering for EMPs using parallel com-
puting.

at 14.84 kV AR. This cluster represents data points with gen-
erally lower values. k-means Cluster (1), on the contrary,
includes data points with significantly higher mean values:
Production at 299.82 kW, Consumption at 249.60 kW, Active
Power at 199.21 kW and Reactive Power at 50.39 kV AR.
Cluster (2) falls between these extremes, with mean values
higher than Cluster O but lower than Cluster 1: Production
at 155.00 kW, Consumption at 97.58 kW, Active Power at
79.70 kW and Reactive Power at 20.56 V AR. The standard
deviations within k-means Cluster (1) are notably higher,
indicating greater variability in data points compared with
Clusters (0) and (2) Fig. 12. This clear separation by k-means
reflects its method of minimizing variance within clusters and
maximizing variance between clusters, offering a comple-
mentary perspective to DBSCAN’s density-based approach.
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Table 2 Parallel DBSCAN

summary during PQD events Parameter Value Cluster — 1 Cluster 0 Cluster 1
Active power Mean 122.70 91.80 57.99
(kW) Std. dev. 57.99 12.20 12.20
Consumption Mean 157.06 107.87 73.10
(kW) Std. dev. 73.10 1.33 1.33
Production Mean 183.79 100.74 91.75
(kW) Std. dev. 91.75 14.39 14.39
Reactive power Mean 28.45 14.23 17.35
(kV Ar) Std. dev. 17.35 1.83 1.83

Table 3 Parallel k-mean

summary during PQD events. Parameter Value Cluster — 1 Cluster 0 Cluster 1
Active power Mean 199.11 84.97 84.51
(kW) Std. dev. 29.42 39.63 39.63
Consumption Mean 251.36 110.10 110.27
(kW) Std. dev. 39.63 39.63 39.63
Production Mean 300.29 124.71 126.99
(kW) Std. dev. 49.04 49.04 49.04
Reactive power Mean 50.69 17.36 17.42
(kV Ar) Std. dev. 10.03 10.03 10.03

4.3 Effects of PQDs on EMPs

Parallel DBSCAN clustering identifies three clusters with
varying characteristics during PQD events. In Table 2 shows
the data to explain the effects of PQDs on EMPs. Clus-
ters characterized by lower variability in consumption and
reduced energy usage tend to experience fewer power PQDs.
In contrast, Cluster (— 1), identified as noise or outliers,
exhibits the highest mean values for active power and produc-
tion. Additionally, this cluster demonstrates elevated THDV
(2.2%), THDI (3.6%), and flicker (0.16 pu), signifying
notable power quality deviations. The findings further indi-
cate that an increase in THDI (3.6%) correlates with higher
reactive power consumption, underscoring the necessity for
enhanced compensation strategies to mitigate harmonic dis-
tortions and optimize energy efficiency in variable operating
conditions. Cluster (0) exhibits moderate mean values for all
parameters with low variability in consumption, suggesting
that it captures a more stable subset of data. In contrast, Clus-
ter (1) is characterized by the lowest mean values for active
power and production, with low variability, indicating that it
represents a distinct pattern of low energy use during PQD
events.

Meanwhile, parallel k-means clustering defines three dis-
tinct clusters with different energy profiles. Cluster (0)
exhibits the highest mean values for all the parameters, with
considerable standard deviations, reflecting a pattern of high

S @ Springer

energy use and variability. Cluster (1) presents moderate
mean values and standard deviations, suggesting a balance
between high and low energy states.

Finally, Cluster (2) is characterized by the lowest mean
values and standard deviations across all the parameters, indi-
cating low energy use and stability during PQD events, as
shown in Table 3.

4.4 Performance and Accuracy

The performance of the DBSCAN and k-means cluster-
ing algorithms, along with their parallel implementations in
the IEEE 33-bus case study, was evaluated, The results are
shown in Table 4. The standard DBSCAN algorithm required
2.2351 s to complete the task, whereas the parallel version
significantly improved the execution time to 1.00183 s. Con-
versely, the k-means algorithm demonstrated better overall
performance, with the standard version completingin2.121 s
and the parallel version further reducing the time to only
1.0009 s. When examining efficiency, standard DBSCAN
achieved 78%, which is slightly lower than 80% of its paral-
lel version’s 80%. In comparison, k-means exhibited higher
efficiency, with the standard implementation at 80.45% and
the parallel implementation achieved the highest efficiency at
83.4%. This analysis underscores the superior performance
of the parallel k-means algorithm in terms of both speed and
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Table 4 Performance of the

proposed parallel algorithms for DBSCAN Parallel DBSCAN k-means Parallel k-means
IEEE 33 case study
Time (s) 2.235 1.00183 2.121 1.0009
Efficiency 78% 80% 80.45% 83.4%
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Fig. 10. Results of k-means clustering for EMPs using parallel comput-
ing.

efficiency, making it the most effective among the evaluated
methods.

Table 5 collects the data regarding accuracy and noise
robustness. The results highlight that parallel DBSCAN
achieves higher accuracy (83%) and noise robustness (100%)
compared to parallel k-means (accuracy 56%, robustness
64%). This is because DBSCAN inherently handles noise
and irregular cluster shapes better. In terms of scalability in
the application of the methods, the data obtained are shown

Table 5 Accuracy and robustness to noise comparison

Method Accuracy (%) Robustness to noise (%)
Parallel DBSCAN 83 100
Parallel k-means 56 64

in Fig. 13. DBSCAN is outperformed by k-means in execu-
tion speed. For DBSCAN the execution time increases as the
size of the data set increases. This makes k-means more suit-
able for large-scale data despite its limitations in handling
noise and complex structures. Taken together, these results
demonstrate the trade-offs between accuracy, robustness and
scalability in clustering algorithms.

5 Conclusions

This study proposed a parallel computing technique using
the Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) algorithm to accelerate data query times
for power distribution system analysis, aiming to improve the
efficiency in identifying anomalies and energy management
parameters. The results obtained confirm the hypothesis that
the use of parallel computing with DBSCAN allows for a sig-
nificant reduction in query times, enhancing the efficiency in
identifying anomalies and energy management parameters.
Experiments on a radial distribution system demonstrated
that parallel computing significantly enhanced processing
speed by leveraging multiple CPU cores. DBSCAN effec-
tively identified clusters of varying shapes and detected
outliers, although parameter tuning was necessary to min-
imize noise misclassification. In contrast, k-means produced
well-defined clusters with clear boundaries but required a
predefined number of clusters. Statistical analysis based on
the EN 50160 standard confirmed that both clustering tech-
niques provided meaningful insights: DBSCAN excelled
in anomaly detection, while k-means delivered consistent
categorizations of PQDs and EMPs. The reduction in pro-
cessing times achieved with parallel computing not only
streamlines the analysis but also enables real-time analysis,
which is fundamental for decision-making in grid manage-
ment and fault prevention. DBSCAN’s ability to accurately
detect anomalies facilitates the early identification of prob-
lems in the grid, allowing for faster and more effective
interventions. While the study focused on a specific radial
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Fig. 13 Scalability: execution time versus dataset size

distribution system, the proposed methodology is adaptable
to other network topologies. Future work could also extend
the validation of the proposed methodology to other standard
power system models, such as the IEEE 123-bus or the IEEE
8500-node test feeders, to assess its performance and gener-
alization across different network configurations. Moreover,
exploring the hybridization of DBSCAN and k-means with
optimization algorithms, such as genetic algorithms or par-
ticle swarm optimization, could be a promising direction to
automatically determine the optimal hyperparameter values
for each clustering method, thereby improving the accu-
racy and robustness of the analysis. Future research could
explore its application in meshed networks and with different
load characteristics, along with the development of automatic
methods for the optimal selection of DBSCAN parameters.
Taken together, these findings demonstrate the significant
potential of parallel clustering techniques to transform the
analysis of electrical systems, opening new avenues for intel-
ligent energy management and improving the reliability of
the electrical grid.
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