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Abstract: The paper addresses the voltage quality issue, which plays a key role
in describing the technical and economic performance of low-voltage electrical
distribution networks (LV-EDNSs) and how they affect energy efficiency at the
level of activities performed by end users. Given the challenges faced by
distribution network operators in defining a global performance indicator for
evaluating voltage quality due to the diverse technical characteristics of LV-
EDNs, the authors proposed an efficient methodology integrating unsupervised
learning algorithms based on clustering to recognise the voltage quality
categories applicable to LV nodes. The methodology was tested on an LV-EDN
with 37 nodes in a suburban, urban area supplying 53 end-users and 26
prosumers, with active and reactive power profiles obtained from smart meters.
The steady-state calculations lead to phase voltage profiles for the analysed
period (one week). The clustering process had three clusters (patterns) for the
nodes from the network, and regardless of the phase, the voltage quality
categories "Unsatisfactory" and "Satisfactory" were assigned for each node. As
a technical measure, the On-load Tap Changer is used to improve voltage
quality, and the classification of each node has been changed within the "Very
Good" and "Good" patterns.
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Rezumat: Lucrarea trateaza problema calitatii tensiunii care are un rol
semnificativ in caracterizarea performantelor tehnico-economice a retelelor
electrice de distributie de joasa tensiune (RED-JT), influentand eficienta
energeticd a activitatilor desfasurate la nivelul utilizatorilor finali. In contextul
in care este dificil pentru operatorii de distributie a energiei electrice sa
defineasca un indicator global de performanta pentru evaluarea calitatii
tensiunii din cauza diferitelor caracteristici tehnice ale RED-JT, autorii au
propus o metodologie eficienta ce integreaza algoritmi de invdtare
nesupravegheatd bazati pe clustering pentru a putea recunoaste categoriile de
calitate a tensiunii in care se incadreaza nodurile RED-JT. Metodologia a fost
testatd intr-0 RED-JT cu 37 de noduri dintr-o zond urband periferica care
alimenteaza 53 de utilizatori finali, dintre care 26 sunt prosumatori, pentru
care au fost atasate profiluri de putere activa si reactivd provenite de la
contoarele inteligente. Profilurile tensiunii de faza au fost obtinute din
calculele de regim permanent efectuate pentru fiecare esantion de timp din
perioada analizatd (o saptamdna). Au fost identificate 3 clustere pentru care,
indiferent de faza de alimentare, nodurile au fost in cadrate in categoriile de
calitate a tensiunii Nesatisfacator si Satisfacator. Ca masurd tehnica pentru
Imbundatdtirea calitatea tensiunii s-a folosit un transformator prevazut cu un
comutator de reglaj sub sarcind, iar clasificarea fiecdrui nod a fost schimbatd
in categoriile de calitate “Foarte bine” si “Bine”.

Cuvinte cheie: calitatea tensiunii; retelele electrice de distributie; invatare
nesupravegheatd; clustering

1. Introduction

The rapid development of low-voltage electric distribution networks
(LV-EDNS) in recent years and the emergence of the microgrid concept have
made power quality one of the most important objectives that Distribution
Network Operators (DNOs) must consider in their management strategies and
decision-making processes [1], [2].

Electrical energy quality indicators, in general, and supply voltage
quality indicators, in particular, play a significant role in characterising the
technical and economic performance associated with the operation and
development of LV-EDNs. They considerably influence the technical and
economic efficiency of activities carried out by end-users [3]. End-users
include both consumers and prosumers. Prosumers are individuals or entities
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that consume energy from the electrical grid and choose to produce and supply
surplus energy generated at their premises through renewable sources, with a
maximum installed capacity of 400 kW per consumption point [4].

The technical quality of the supply voltage has become increasingly
important due to the growing number of nonlinear consumers, the sensitivity
of specific consumers (such as computer networks and microprocessors), and
the integration of a significant number of single-phase prosumers. [5], [6].

Each DNO must monitor voltage quality using certified equipment,
such as network analysers, which evaluate key indicators related to voltage
amplitude, transient interruption frequency, and voltage sags. In addition to
these indicators, the decision-makers can use metrics associated with flicker
phenomena and current harmonics to quantify them [7].

In recent years, smart meters have been installed at each end-user's
location, providing DNOs with detailed information from every installation
point. This data enables the calculation of the previously mentioned specific
indicators [7], [8].

Due to the multitude of specific indicators calculated for each node, it
is challenging for DNOs to characterise voltage quality across LV-EDNs.
Thus, defining representative voltage quality patterns/classes/models,
characterised by typical indicators calculated based on information from smart
meters, poses a significant challenge for EDOs, as it requires working with
large-scale databases. In these conditions, unsupervised learning algorithms,
such as clustering, can provide solutions for DNOs to identify the voltage
quality models/patterns into which each LV node in the EDN [9] - [12].

In this context, the paper proposes an efficient methodology that
integrates unsupervised learning algorithms based on clustering to recognise
the voltage quality patterns in the LV nodes of EDNs. The input features for
the clustering process refer to the specific indicators of slow voltage variations
calculated at each LV node in the EDN for each of the three phases over the
analysed period: the phase voltage deviation, the mean of phase voltage
deviation, the variance of phase voltage deviation, and the mean squared value
of phase voltage deviation. The advantages of the proposed approach are
related to the fact that each LV node will be assigned a voltage quality pattern
that integrates all three typical indicators of slow voltage variations.

The structure of the paper is as follows: Section 2 presents the typical
indicators of voltage variations, Section 3 describes the evaluating procedure
of voltage quality in LV-EDNSs using clustering-based unsupervised learning,
Section 4 includes the results obtained in a real case study, and Section 5
provides the conclusions.
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2. Typical indicators of phase voltage variations

The DNOs can identify the slow voltage variations in the network
elements due to operating conditions influenced by changes in active and reactive
power flows resulting from the dynamic load demand of end-users and the power
injections into the grid at the common boundary point of prosumers [6].

Voltage variations in the LV-EDNs, to which end-users (consumers
and prosumers) are connected, can cause changes in the production of the
industrial consumers, affect their energy performance, lead to rapid equipment
wear, and disrupt technological processes.

The calculation relations of the typical indicators characterising slow
phase voltage variations at the level of each LV node from the EDNs are as
follows [6], [7], [12], [13].

e Phase Voltage Deviation (PVD):

V{p} _ Vr‘
VDR =T 100, (%] M=l Ny
r
t=1,..,T; {p}e{ab,c} 1)

where: Nm — the number of LV nodes in the analysed EDN; T — the analysis
period (day, week, year); V¥, ; — the amplitude of the phase voltage measured
on the phase p, in the LV node m, at the time t within the analysis period T;
V — the rated voltage on each phase of the analysed LV-EDN.

e Mean of Phase Voltage Deviation (MPVD):

1 (T 100 (TV® —y
MPVD,E{”:7 J AVP dt = - J e dt, [%]
0 0 T
m=1,..,Ny,; {p}€{ab,c} (2)

e Variance of Phase Voltage Deviation (VPVD):

1 (7 2
vPVDY = = f (av} = MPYDEY) dt,[%] m =1,.., N
0

{r}e{ab,c} ©)
e Mean Squared Value of Phase Voltage Deviation (MSVVPD):

2
MsyvPD® = 2 [T (AVE)) dt,[%] m=1,..,Nw: {p}€{abc} (4)
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3. Methodology integrating clustering-based unsupervised
learning for voltage quality analysis

Understanding the complexity of voltage quality in LV-EDNSs is
essential to analyse the relationships between the specific indicators that
define it. In this context, unsupervised learning can define these relationships
(see Fig. 1) [14]. Clustering, a subset of unsupervised learning, is a powerful
tool that reveals patterns in data, predicting future or unknown data from a
training dataset [10], [12], [14], [15].

Clustering refers to special techniques that group the input data
represented as vectors. To study the similarity/difference between elements
associated with a data set and to group them, each element corresponds to a
vector whose components are associated with the representative features/
attributes. These features/attributes could be voltage magnitude, frequency, or
harmonic content. Within the clustering process, the vectors are grouped based
on the distance calculated between them. At the end of the clustering process,
one or more clusters (groups/patterns/models/classes) will be obtained,
depending on the studied problem. These clusters represent the spatial
arrangement of the considered features for the elements involved in the process
[10], [12].

The clustering methods, regardless of whether they belong to the
hierarchical clustering or K-means category, lead to the iterative reduction of
the number of elements from the database, grouping them into representative
clusters (patterns/models/classes).

Classification

Supervised
learning

[ Reinforcement
| learning

Unsupervised
learning

Figure 1. Classification of Machine Learning techniques, adapted from [14]
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Concerning the K-means, the algorithm partitions the data into K
clusters based on various features (in this case, the typical indicators of slow
voltage variations presented in the previous paragraph) of the elements (LV
nodes in the analysed EDN), attempting to determine the centre of the clusters.
The algorithm's objective is to minimise the Euclidean distance between each
element (corresponding to an LV node in the EDN), characterised by a vector
from the initial database, and assign it to the closest cluster (referred to as
patterns in our study) [9], [12].

2

< (5)

K NX
F:minzz

k=1m=1

where: ||nn* — ck|? - the distance calculated between the vectors associated
with the LV nodes nn in the EDN and the centre cx of pattern k, where k = 1,
..., Kand m=1, ..., Nu Nn - the number of LV nodes from the EDN
assigned to pattern k, where k =1,..., K; K —the number of patterns.

The verification of the obtained partitions will be done at the end of
the clustering process using a performance indicator called the silhouette
coefficient [1], [9]:

C1 [ 1 & D) -hty)
Tk kZ(N ;(max{Dm—hm}n ©

where: D(tn") - the average value of the distance between LV node nn¥,
m = 1,...,Nn*, and the elements of the same pattern k, k = 1, ..., K; h(tm") -
represents the minimum average value associated with the distance between
the node tn* and the elements of the nearest pattern k.

The proposed methodology for evaluating voltage quality at the LV
nodes of an EDN, which includes unsupervised learning based on clustering,
consists of two stages.

Stage | — Input Data and Information Processing

The decision-makers upload the phase voltages from the Smart
Metering system database. These form the basis of a variable with a matrix
structure [V] of size (Nm X (3 X E)), where Nm represents the number of LV
nodes in the analysed EDN, E is the number of records corresponding to the
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sampling step selected for the smart meter installed at the end-user connected
to node m, and the number 3 refers to the number of phases of the LV-EDN
to which the end-users are connected. Considering the short length of the
branching, the used assumption assumes that the voltage at LV node m is
identical to the voltage measured by the smart meters installed at the end-users
connected to this node.

The matrix [V] represents the input variable for a power quality
analysis software for the LV-EDNs developed in MATLAB professional
software. When the end-users do not have smart meters installed, the voltage
values at the LV nodes will be determined through a load-flow calculation
method proposed in [16], knowing the network topology and the phases to
which the end-users are connected and then stored in the variable [V].

The output data refers to the matrix [ICV] of size (Nm X 3), where the
columns are associated with specific voltage variation indicators: Mean of
Phase Voltage Deviation (MPVD), Variance of Phase Voltage Deviation
(VPVD), and Mean Squared Value of Phase Voltage Deviation (MSVVPD).

MPVD, VPVD, MSVVPD,
[ICV] = MP:VDJ- VP;/Dj MSV:VPDJ- (7)

MPI:/Dm VPI:/Dm MSVI:/PDm

Stage Il — Obtaining the voltage quality patterns

All m LV nodes, m=1, ..., Nm, from the EDN will be grouped using
any clustering algorithm. In the current study, the authors selected the K-
means algorithm due to its advantages over other algorithms in the
hierarchical clustering category. The algorithm used the matrix [ICV],
containing the indicators calculated inside Stage I, as its input variable.

The output data will ultimately consist of K clusters representing
voltage quality categories. These categories will serve as the basis for decisions
regarding improving measures of the voltage quality in the LV-EDN.

4. Case Study

To test the proposed methodology, an EDN with 37 LV nodes from a
suburban area belonging to a Romanian DNO was considered, as illustrated
in Fig. 2 [2].
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The electric distribution substation, which has been put in operating
since the 80s of the last century, is equipped with a 20/0.4 kV power
transformer (Sr = 250 kVA) with a 3-tap changer, without load adjustment,
having a voltage step of £5% from the rated voltage supplied to the LV-
EDN.

All line sections have a length of approximately 0.04 km and conductors
with a cross-section of 50 mm?, with characteristic parameters ro = 0.61
[€Q/km] and xo = 0.298 [2/km], and a maximum admissible current of 205 A.
The MV bus of the electric distribution substation was considered the slack
bus in the steady-state calculations.

The LV-EDN has 53 end-users, of which 26 are prosumers (24 with
single-phase branching and two with three-phase branching). These end-users
have active and reactive power profiles with a sampling step of 1 minute,
taken from the Pecan platform [17]. The pillars highlighted with red squares
have the prosumers connected (see Fig. 2). All consumers have single-phase
branching.

In the first stage, knowing the requested and injected powers by the end-
users, the decision-maker performs the steady-state calculations to determine
the voltage values on all three phases at each LV node, m =1, ..., 37 and
stored in the variable [V].

MV v
(20 kV) (0.4 kV)

EDS

Figure 2. The test LV-EDN topology
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The programming code developed in MATLAB accesses the variable
[V] to calculate the typical voltage variation indicators recorded in the output
variable [ICV].

In the second stage, each row in the matrix [ICV] represented a vector
associated with each LV node m, m =1, ..., 37, included in the clustering
process.

The initial maximum number of patterns is determined during the
clustering process using the following relation [12]:

Kpax = /Nm = V37 = 6

The K-means algorithm runs for each number of patterns k=2, ..., Kmax.
Figure 3 shows the SC values obtained for each clustering process associated
with k, taking the values between 2 and Knax. The partition that led to the best
results corresponds to Kopt = 3, the one for which SC = 0.8103 (as seen in
Fig. 3). Figure 4 presents the values of the silhouette coefficient for the
optimal partition.

Cluster C2
0.82
0.8
0.78
035
Cluster C& P Cluster C3
0.74
0.72
Cluster C5 Cluster C4

Figure 3. The values of the silhouette coefficient for each pattern k=2, ..., 6

Each of the three patterns can be characterised by a representative
element associated with a characteristic (fictive) LV node to which statistical
indicators (mean and standard deviation) can be attached, calculated for each
of the three quality indicators (Mean of Phase Voltage Deviation - MPVD,
Variance of Phase Voltage Deviation - VPVD, and Mean Squared Value of
Phase Voltage Deviation - MSVVPD, as shown in Table 1.
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Table 1. The values of statistical indicators associated
with the obtained patterns

oatier StEIstical [MPVE MPVE MPVE VPV VPV VPVEMSVVPIMSVVPIMSVVPT
indicators| [%]| [%]| [%]| [%]]| [%]| [%]| [%] [%] [%]
Mean 52| 57| 43| 551 65.7] 369 413 | 524 | 295
Cl |Standard | o\ | s3] 1] 35| 99| 28| 15 44 1.8
Deviation
Mean 45| 44| 37| 341] 294 225 315 | 359 | 222
€2 |Standard | oo 04| 02| 54| 75| 44| 27 3.8 1.8
Deviation
Mean 38| 43| 37| 89| 73| 68| 198 | 249 | 184
C3 |Standard | | 3] 05| 69| 58| 51| 18 23 1.2
Deviation

a

vl

a
SilhouetteCoué%iciem b
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02

Figure 4. The values of the silhouette coefficient
for the optimal partition Ko = 3

As a result of the analysis, all three patterns are representative (C1
with 15 LV nodes, C2 with 11 LV nodes, and C3 containing the rest of the
LV nodes), highlighting the excellent quality of the obtained partition.
Figure 5 presents the clusters assigned to the location of the LV nodes in
the EDN.

From the perspective of voltage quality across the three phases of the
LV-EDN, the three patterns are associated with the following categories, as
shown in Fig. 6: Very Good (VG), Good (G), Satisfactory (S) and
Unsatisfactory (NS).

The findings are reinforced by the statistical representations in boxplots
of the voltage deviation in all LV nodes on the three phases from Figures 7 -
9.



Unsupervised Learning-Based Methodology to Analyze the Voltage Quality 17

20 kv D.akv Cluster C2

EDS

Figure 5. Association of the LV nodes from the EDN at the obtained patterns

a b C VG
€1
c2
c3
Figure 6. Association of the three patterns
with the voltage quality categories
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Figure 7. The boxplot representation of the voltage deviation
in the analysed LV-EDN, phase a
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Figure 8. The boxplot representation of the voltage deviation
in the analysed LV-EDN, phase b

Figure 9. The boxplot representation of the voltage deviation
in the analysed LV-EDN, phase ¢

Thus, the conclusions converge toward measures DNO must take to
improve the voltage quality supplied to end-users. Some of the most effective
measures include voltage control using the On Load Tap Changer (OLTC) or
phase load balancing.

In the following, voltage regulation using the On Load Tap Changer
(OLTC) was applied to improve the voltage quality in the LV nodes of the
analysed EDN. The used assumption corresponds to replacing the old power
transformer, having a low-energy efficiency standard and the lifespan has
exceeded, with a new one with the same rated power (Sr = 250 kVVA) having
a high-energy efficiency standard following the European Eco-Design
Directive [18] and On-load Tap Changer (OLTC) incorporated to maintain
voltage control. The voltage tap range is between -10% and +10%, with +8
steps. The authors used the algorithm proposed in [2] to obtain optimal voltage
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control according to two objectives: minimising the phase voltage deviation
in all LV nodes and the power losses.

Variable [V] will store, in this case, the phase voltages from each LV
node obtained after optimisation. Next, the decision-maker will complete the
two stages of the proposed methodology. Figures 10 - 12 and Table 2 present
the obtained results.

The partition that led to the best results is the same as the base case,
corresponding to Kopt = 3, the one for which SC = 0.7689 (as seen in Fig.
10). Figure 11 presents the values of the silhouette coefficient for the optimal
partition Kopt = 3. The analysis of Figure 12 indicates that pattern C2 contains
more LV nodes than in the base case, integrating 10 LV nodes from the initial
pattern C1 and one LV node from the initial pattern C3.

Cluster C2
0.77

Jluster Co Cluster C3

Cluster {5 Cluster C4

Figure 10. The values of the silhouette coefficient
for each pattern k=2, ..., 6, case with OLTC

-
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Silhouette Value
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Figure 11. The values of the silhouette coefficient
for the optimal partition Kopt = 3, case with OLTC

My W
(20 k) (0.8 kv)

EDS

Figure 12. Association of the LV nodes from the EDN at the obtained patterns,
case with OLTC

Table 2. The values of statistical indicators
associated with the obtained patterns, case with OLTC

< o o < o (5} D{G D‘D Oo
1<t o) — o — o — &) — o — o — a — o — a —
Pattern|oliSicall > 51 > 2 S >F| 2% 28| 23X 2E| 2R
s SsT|IsSTISTISTIST a2 a | @
s | S |3
Mean 30 | 33 | 31 | 98 | 104 | 1090 | 128 | 154 | 136
ClL Bandard |\ |\ 53 | 04 | 28 | 25 | 24 | 35 | 27 | 32
Deviation
Mean 13 | 18 | 12 | 43 | 45 | 41 | 29 | 55 | 29
C2 Bandard |, |\ 53 | 04 | 31 | 32 | 19| 16| 18| 15
Deviation
Mean 24 | 31 | 17 | 181 | 262 | 100 | 81 | 138 | 49
C3 Bandard | ) |\ 53 | 01 | 16 | 55 | 88 | 06 | 22 | 03
Deviation

As a result of the analysis, all three patterns are well-defined (C1 with
4 LV nodes, C2 with 22 LV nodes, and C3 containing the rest, i.e. 9 LV
nodes), indicating, once more, the high quality of the obtained partition.

The data from Table 2 for each of the three patterns indicated an
improvement in voltage quality characterised by much lower values for all
three indicators (Mean of Phase Voltage Deviation - MPVD, Variance of
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Phase Voltage Deviation - VPVD, and Mean Squared Value of Phase Voltage
Deviation — MSVVPD.

The observations concerning the analysis of the results presented in
Table 2 refer to the voltage quality, which is Good (G) for all phases of pattern
C1, Very Good (VG) for all phases of pattern C3, Very Good (G) for phases
a and c and Good (G) for phase b of pattern C3, see Fig. 13.

The improvement of the results is reflected in the statistical results
represented as boxplots where the voltage deviation on each phase in all LV
nodes is reduced, see Figs 14 - 16.

a b C VG
a & & G
2 VG VG VG
3 va E ve

Figure 13. Association of the three patterns with the voltage quality categories, case with
OLTC

vvvvvv
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Figure 14. The boxplot representation of the voltage deviation
in the analysed LV-EDN, phase a, case with OLTC
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Figure 15. The boxplot representation of the voltage deviation
in the analysed LV-EDN, phase b, case with OLTC

102 3 & 5 & 7 B £ 0 M 213 % 1545 17 18 1920 N 2N MXETBHNNRBMSE BT

Figure 16. The boxplot representation of the voltage deviation
in the analysed LV-EDN, phase c, case with OLTC

5. Conclusions

This study proposed a methodology for evaluating voltage quality in
the LV-EDNSs using a clustering-based unsupervised learning technique. The
input features used in the clustering process referred to phase voltage
indicators calculated at the level of each LV node of the EDN (the phase
voltage deviation, the mean of phase voltage deviation, the variance of phase
voltage deviation, and the mean squared value of phase voltage deviation).

An EDN with 37 LV nodes in a suburban area supplying 53 end-users
and 26 prosumers has been used to test the methodology. Phase voltage
profiles were obtained through steady-state calculations for each time interval
of the analysed period (one week). Three patterns were obtained from the
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clustering process, classifying the LV nodes according to the Satisfactory and
Unsatisfactory voltage quality categories regardless of the phase.

Using an efficient transformer equipped with an OLTC has improved

the voltage quality by placing it in the Very Good and Good categories,
regardless of the phase.

The proposed methodology can help the decision-makers define a

global voltage quality indicator that considers typical indicators of voltage
variations to characterise the L\VV-EDNs effectively.
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