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Abstract: Distributed photovoltaics (DPVs) are widely distributed and the output is random, which
brings challenges to the safe operation of the distribution network, so the construction of photovoltaic
aggregations can effectively participate in the flexible regulation of the power system. At present,
the extraction of DPV clustering features is not sufficient, only considering the output characteristics
of PVs. Certain PVs under some nodes may have a more pronounced regulation effect, but they
may be ignored in the clustering process. To address the above problems, this paper proposes a
DPV aggregation approach considering the distribution network topology. It combines the voltage
sensitivity and the power curve and regards them as clustering features to form the DPV aggregation
with the highest average voltage sensitivity participating in voltage regulation. The simulation on
the IEEE 33-node system verifies that the proposed aggregation approach can select DPV aggregation
more suitable for voltage regulation, and make full use of the aggregation to realize the optimal
voltage regulation effect.

Keywords: distribution network; distributed photovoltaic generation; voltage regulation; aggregation

1. Introduction

Renewable energy generation is an important direction for the development of the
current power system [1]. Among renewable energy sources, distributed photovoltaics
(DPVs) have the advantages of flexible installation and a short construction period, which
has attracted much attention. However, the output of DPVs is random due to a variety
of factors such as installation location and weather [2-4]. With the increasing penetration
rate of DPVs, problems such as power backward transmission and voltage overruns
have occurred in some areas, bringing challenges to the safe operation of the distribution
network [5].

The current means of regulating the voltage of the distribution network mainly rely
on traditional voltage-regulating devices such as static synchronous compensators and
shunt capacitors. In fact, with the increasing penetration of DPVs in the distribution
network, a DPV inverter is an efficient voltage-regulating resource that does not require
any additional investment [6]. However, DPVs are large in number, small in capacity, and
widely distributed [7]. The participation of each PV in the regulation of the power system
individually would bring problems such as solving difficulty, long calculation times, and
many decision variables [8]. Comparatively speaking, it is more feasible to participate in
the flexible regulation of the power system using cluster response.

For the study of PV aggregations, the key lies in the extraction of clustering features
and the selection of clustering methods. Currently, on the extraction of clustering features,
reference [9] proposes a DPV system aggregation model based on interconnection point
voltages and inverter types; this model can obtain a similar power output. Reference [10]
proposes a weighted dynamic aggregation model for grid-following inverters and their
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controllers in applications such as photovoltaic farms or any renewable distributed gen-
eration integrated microgrids. Reference [11] presents an aggregation method involving
wind power and photovoltaic correlation to accurately reflect the characteristics of original
wind—photovoltaic output power, and maintain the correlation between wind-photovoltaic
output power. Reference [12] proposes a methodology based on Voronoi decomposition to
spatially aggregate small-scale solar generation.

In the selection of clustering methods, reference [13] proposes a real-time distributed
clustering algorithm for the aggregation of distributed energy storage systems into hetero-
geneous virtual power plants. Reference [14] proposes a new time aggregation method.
Each representative period constructed by the proposed method can include more than one
representative day. Reference [15] improves the piecewise aggregation approximation algo-
rithm to achieve effective dimension reduction of oscillation data. Reference [16] proposes
a wind and photovoltaic power time-series data aggregation method based on an ensemble
clustering and Markov chain. The wind and photovoltaic power time-series data were
divided into scenarios, and ensemble clustering was used to cluster the divided scenarios.

In the current study, the selection of typical clustering characteristics is not sufficient,
focusing on the power curve of the PV and failing to fully consider external factors such as
the location of the PV and voltage tier. Due to the coupling between the power injected into
the distribution network and the node voltage, some PVs under certain nodes may have a
more obvious voltage regulation effect. However, considering the PV aggregations formed
by the characteristics of the power curve to participate in distribution network voltage
regulation may ignore these PVs, resulting in unreasonable clustering.

To address the above issue, this paper proposes a DPV cluster aggregation strategy
considering the distribution network topology. Firstly, the PV power curve characteristics
and the voltage sensitivity of the nodes are extracted, and the high-dimensional data
features calculated are processed by using a dimensionality reduction technique; the
PV is clustered by the K-means clustering algorithm; finally, a DPV aggregation voltage
regulation model in the distribution network is established by taking the security of
the distribution network as a constraint. Finally, the simulation is built in MATLAB to
verify the reasonableness of the strategy for dividing aggregations and participating in
voltage regulation.

The contributions of the paper include:

(1) This paper proposes a DPV cluster aggregation method that fully considers the
distribution network topology and the voltage sensitivity of DPVs, which can establish
DPV aggregations with the best voltage regulation effect in the distribution network.

(2) Based on the proposed aggregation method, a DPV-aggregation-based voltage regula-
tion model for the distribution network is constructed, which achieves accurate and
efficient voltage regulation by using the DPV aggregations.

The paper is organized as follows: Section 2 introduces voltage sensitivity, data dimen-
sionality reduction, and the proposed DPV aggregation method; Section 3 establishes the
DPV aggregation voltage regulation model; Section 4 provides a simulation that compares
the proposed aggregation strategy with the traditional aggregation method. Section 5
concludes the paper.

2. DPV Aggregation Considering Distribution Network Topology

Considering the limitations of the existing DPV aggregation methods discussed above,
this paper proposes a DPV aggregation method that considers distribution network topol-
ogy and the nodal voltage sensitivity feature of DPVs.

2.1. Studied System

This paper focuses on low-voltage radial distribution networks below 10 kV with
DPVs. On the one hand, when DPVs inject power into the grid, it may pose the problem
of overvoltage in key nodes in the distribution network or even in the upstream grid. On
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the other hand, DPVs’ inverters have voltage-regulating capability, so proper regulation of
DPVs can effectively relieve the overvoltage problem in the distribution network.

To realize the mitigation of overvoltage caused by high injected power, the key problem
is how to screen out proper DPVs. So, this paper will form DPV aggregation with voltage-
sensitive DPVs based on extracted DPV power curves and distribution network topology
features, data dimensionality reduction, clustering, and other methods. Finally, the formed
DPV aggregations are used to realize efficient voltage regulation in the distribution network.

2.2. DPV Feature Extraction Considering Distribution Network Topology
2.2.1. Extraction of Power Curve Features of DPVs

The PV power curve is a curve that describes the output power of PV modules under
different light conditions. Peak, average, and threshold time percentages are commonly
used indicators to characterize different PV power curves [17-19].

Assuming that the PV in a certain area samples a total of T points per day, the sequence
Pppy,; = (PlleV i P]%PV IRERY ngv ;) is obtained, where PSPVZ- denotes the active power of
the ith PV station at the Tth polint. The above three reference indicators are defined
as follows:

(1) Peak value:

a1 = max{Phpy ;, Phpvir- - Phpy,i} 1)
(2) Average value:
14,
a ==Y Phpy, 2)
T3

(3) Threshold time percentage:

O
az = 24 3)
where O; represents the number of hours in a day when the output of the ith PV reaches
the threshold value, and 0.6P,y ; is set as the threshold value.

The selection of features based on curve characteristics only considers the annual
output characteristics of the PV itself, but in the actual power system, the installation
location of the PV as well as the topology of the grid will also affect the output of the PV.
Therefore, the aggregation of PVs should not only consider the time series of their power
curves but also pay attention to the indicators that can reflect the topology of the grid.

2.2.2. Nodal Voltage Sensitivity of DPVs

When DPVs are connected to the grid, the PV output power changes, and the voltage
of each node changes, i.e., the power change in a node causes a change in the bus voltage,
which is the sensitivity relationship between the PV output power and the voltage and can
be referred to as the voltage sensitivity [20].

The voltage sensitivity of each node in the system can be obtained from the inverse of
the Jacobi matrix in the following calculation:

=[5 =r 12

The matrix inverse of Equation (4) is then performed:

- [f 8
—|av vV |®
AV % 50 AQ
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where 0 and V denote the phase angle and voltage of the node, respectively; P and Q
denote the active and reactive power injected into the node; A8, AV, AP, and AQ denote
the variations, respectively; | denotes the Jacobi matrix; the sensitivity factors, dV /9P
and 0V /9Q, denote the node voltage variations resulting from the changes in active and
reactive power on the node, respectively.

When the active and reactive power transmission on a single node or some nodes in
the distribution network changes, the amount of voltage change at each node in the system
can then be expressed as

sQ

s9 sQ

S£1 Siz fe Siw APy g °p . iy AQq
sbosh ... osby | |ap, s 5§ ... S8 | |aQ,
3 I B o ) ) S (6)
: : 55 : : : s9 : :
5%1 5%2 e SKIN APy 51%1 51%2 SI%N AQN

where Sf]). = dV;/dP; and Sg = dV;/9Q; denote the effect of active and reactive power changes
at node j on node i, respectively; N is the number of nodes of the distribution network.

Define node 7 as the disturbed node and node j as the interfering node, then the voltage
variation at the disturbed node is

AV; = Z@? -AP; + an AQ]> )

]

From Equation (7), it can be seen that the higher the voltage sensitivity, the greater the
power change in the interfering node causing the voltage change in the disturbed node.

According to the voltage sensitivity, the electrical distance matrix e’ reﬂectmg the

ij’
degree of coupling between nodes, can be defined, and its calculation formula is

P_cP_  cP_cP_cP
ei]' = Sii + S]] - 81] — S]l (8)
Q_gQ,4¢Q_¢Q_gQ
ey = Si +55 =S85 =55 9)
where eg ,ed represent the electrical distances between nodes i and j, and the smaller their

electrical dlstance is, the closer the voltage connection between the two points is.

In the distribution network, since the influence of both reactive and active power
variations on the voltage of the node in the distribution network is not negligible, the
integrated electrical distance can be defined as

Ejj = Te}; +(1- T)ei? (10)
where T is the weight value, representing the degree of contribution of active power to
the integrated electrical distance E. Although the effect of active power on voltage is not
negligible in the distribution network, in the ideal case, it is still desired to control the
voltage through reactive power, so T is generally set to 0.2-0.3.

2.2.3. Data Dimensionality Reduction for Clustering Features

Each column of the integrated electrical distance matrix reflects the impact of a specific
interfering node on all the disturbed nodes, if the influence of each disturbed node is taken
as the coordinate axis, the interference of a single interfering node j can be described as a
high-dimensional point D, the coordinates of which are D(E; i Ezj, ---,E N]-). Clustering the
high-dimensional points increases the arithmetic burden, so data dimensionality reduction
should be used to alleviate the arithmetic pressure.

Principal component analysis (PCA) is a data dimensionality reduction technique that
transforms the original multiple variables into several comprehensive indicators [21]. The
idea is to utilize the interrelationships between the original variables to obtain uncorrelated
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principal components through linear combinations. This replaces the original larger number
of variables. In this way, the information reflected by the original variables is retained as
much as possible, simplifying the process of the problem.

The process of the principal component analysis method is as follows, and Figure 1
illustrates this process.

| Standardization of raw data |

v

| Calculate the covariance matrix |

v

| Obtain eigenvalues and eigenvectors |

v

| Sort feature values by size |

v

Intercept the eigenvector matrix by
desired dimension

v

Getting the data after dimensionality
reduction

End
Figure 1. Data dimensionality reduction process by principal component analysis.

(1) Arrangement of raw data

In the comprehensive electrical distance matrix E proposed above, the column of
nodes containing PVs is extracted, and assuming that there are M nodes equipped with PV,
the new sample matrix X is an N x M matrix.

X11 X12 oo X1M
X21 X2 .. XoMm
X=1. . . (11)
. . Xim .
XN1 XN2 ... XNM

where x;,, denotes the impact of the mth PV on the voltage of the ith node, i.e., x;, = E;;,,.

(2) Subtract the mean value from each data point:

1 M
Xim = Xim — 37 Xim (12)
M
m=1

(3) Find the covariance matrix C:

Before calculating the covariance matrix, the covariance of the two datasets is

1 M
cov(Xq, Xp) = i Z (Xam — pa)(Xpm — Hp) (13)
m=1

where x; and x;, are the ath and bth rows, respectively; yu, = u; = 0 are the means of x,
and x; which are determined in step 2.
Therefore, the covariance matrix has the following calculation procedure:
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1M, 1 M 1 M ]

A Z X1m M Z X1mX2m M Z X1mXNm
m=1 m=1 m=1 cov(xy,x1)  cov(xy,x2) cov(xq, xN)
1 M 1%4: ) 1% (1/1) (1/2) (1/N)
— Z XomX1 — X — XomXNm Cov( X2, X1 Cov( X2, X2 CoU(X2, XN

C = %XXT — | M2 " My M= ] = . ' . ’ . ., (14)
) AZA ) % : . % . cov(xn,x1) cov(xn,Xx2) -+ cov(xn,XN)
EV3 XNmX1 EV3 XNmXom ~r X
L M m=1 " M m=1 " M m=1 N d

When the covariance is 0, it means that row a is linearly uncorrelated with row
b. Therefore, to realize the reduction of an N-dimensional vector to K dimensions, it is
necessary to choose K unit orthogonal bases, so that after transforming the original data to
this set of bases, the covariance of each variable is 0.

(4) Find the eigenvalues and corresponding eigenvectors of the covariance matrix

Cu = Au (15)

where u is the eigenvector of C, and A is the eigenvalue of u.

Use elementary transformations to reduce all elements except the diagonal to 0. Since
C is a real symmetric array, the eigenvectors corresponding to different eigenvalues are
orthogonal, so one has

A O - 0
0 Ay - 0

Q'co=A= o (16)
: : . 0
0 0 -+ An

where Q = (uq,up,- -+, un) consists of eigenvectors.

(5) The eigenvectors are arranged in rows according to the value of the corresponding
eigenvalues from top to bottom, and the first k rows form a K x M matrix P.

T
QSOTt - (u/]/u/Z/ e /u§\]) (17)
T
cht = (u/]r u/2/ et ,T/l?() (18)
P = Qcut (19)

where Qs is the sorted eigenvector matrix; Qcy; is the first k rows of Qsort; and P is the
reduced dimension transformation matrix.

(6) Matrix Y is the data after reduction to k dimensions:

Y = PX (20)

2.3. Formation of DPV Aggregation

The features of DPVs (peak, mean, threshold time percentage, and voltage sensitivity)
were obtained above through calculation and data dimensionality reduction. To reduce
the complexity of analyzing and processing DPV output data, this paper proposes to
cluster DPVs according to similar clustering characteristics through the K-means clustering
algorithm. Figure 2 illustrates this algorithm.

Before the K-means algorithm clustering, it is necessary to set the number of clusters k.
Setting the value of k empirically or randomly will lead to unstable clustering results, and
the elbow method is usually utilized to determine the k value.

k
SSE=Y Y lp—mil? (21)

i=1 peC,-
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where C; is the ith cluster after completion of clustering, p is the sample point in C;; and m;
is the mean distances of all sample data points in C;, i.e., the clustering center.

The process of the basic K-means algorithm is as follows: first, initialize the dataset
and determine the number of clusters k; randomly select the initial clustering center, using
the Euclidean distance as a measure to allocate other sample points; after the formation of
clusters, calculate the mean to obtain a new clustering center. The above process iterates
until the clustering center is no longer updated to complete the clustering process.

| Input dataset and number of clusters |

v

| Select initial clustering centers |

Calculate the distance from the remaining
samples to the clustering center

v

| Segmentation of data based on distance |

Updating the
¢ clustering center
| Recalculate new clustering centers | h

The center of
clustering changes

Figure 2. Basic K-means clustering process.

3. DPV-Aggregation-Based Voltage Regulation Model for Distribution Networks

After the formation of DPV aggregations in the previous section, the voltage regulation
model is established based on DPV aggregations in this section. The minimum slack
variables of node voltages and branch currents are used as the objective function to calculate
and solve the distribution network voltage based on the PV output.

3.1. Objective Function

The objective is to minimize the deviation of nodal voltage and branch current in
terms of their upper and lower limits.

T

(gt +nu)+ Y Y (en +12) (22)
1 " (ijest=1 T 7

1=

N
min F = Z
i=1t

where B is the set representing all branches of the distribution network. ¢ and # are slack
variables denoting the respective deviations.

3.2. Constraints

The constraints of the model are divided into two categories: the active and reactive
output constraints of the PV itself, and the constraints on the power flow to maintain the
safe operation of the distribution network.
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3.2.1. PV Power Output Constraints

The output constraints of DPVs are shown in Figure 3. The active and reactive power
of the PV inverters are used as decision variables. Assuming that each node contains at
most one PV inverter unit, the power constraints are shown in Equations (23) and (24).

P&+ Q¢ <S¢, (23)
PG,i S PG,i max (24)

where P ;, Qg i, Sg,i denote the active, reactive, and apparent power of the DPV inverter
at node i, respectively.

(O
QG’imax

(PGi,06:) |\

PG,imax |

’QG,imax

Figure 3. Output constraints for DPV.

3.2.2. Operational Security Constraints of Distribution Network

According to the characteristics of the distribution network, it is necessary to use AC
currents to simulate its operating situation and describe the constraint relationships of the
distribution network through the Distflow model [22].

(1) Node power balance constraints:

PL;—Pli= Y Pi— Y (Pf—rnly) (25)
(i,j)eB (k,i)eB

Qi —Qui= Y, Qij— ij Y. (Qf = xilky) (26)
(i,j)eB (k,i)eB

of = (uf)? (27)

I = (it)? (28)

where P G i QG ;» v denote the injected actlve and reactive power and voltage magnitude

squared at node i at time ¢, respectlvely, Liv Q! Li denote the active and reactive loads at

t l f. denote the squares of the active and reactive powers

and the magnitude of the current from node i to j at time £, respectively; Yij, Xij denote the
resistance and reactance of the line 7j, respectively; and B is the collection of the distribution
network branches.

node i at time ¢, respectlvely,

(2) Node voltage equation:

vﬁ:vl 2(r;iP; —O—xl]Ql]) (r + x7 )lt (29)

(3) Power constraints at the first end of the branch:
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(P12 + (QL)?
to_ ] ]
== (30)

Due to the presence of the nonlinear equation constraint (30), the Distflow model is
nonconvex and it is difficult to find a globally optimal solution. In order to optimize the
model convexly, a slack of the above equation yields

(P2 + (Q))2

t ij (31)

ij = f
i
which is then rewritten in the form of a rotated second-order cone plan:

2P§].

Zij < lfj + ot (32)
t
ij ill2

(4) Node voltage and branch current range constraints:
uf min + (euf - Wuf) < ”f < Llf max + (eu; - UU{) (33)

lfj < lztj max T (sif, — 1t ) (34)

i ij
The specific process of DPV aggregations participating in distribution network voltage
regulation is shown in Figure 4.

[f—mr—m— e —
( sttt ) : .
Stage 2. clustering

y
| Reduce the dimensionality of the data

| Get DPV Output Curve | |

A

Obtain PV clusters with
similar features

| Extraction Curve Characteristics | .

\ 4
| Obtain the topology ofthe grid | |

Regulation
A 4 I

| Calculate Voltage Sensitivity | .

|Establish the voltage regulation model| |

Calculate the integrated electrical
distance matrix Solve the output results and calculate

|
the impact on the distribution network| |
|

. Stage 1. Feature Extraction
L _.

|
I
I
I
I
I
I
! : Stage 3. Voltage |
I
I
I
I
I
I
I
I

Figure 4. DPV cluster participation in the distribution network regulation process.

4. Simulations and Analysis
4.1. Case Settings

In this paper, the IEEE 33-node system is used for simulation. The system has 33 nodes
with 32 branches. As shown in Figure 5, the gray nodes in the figure are the nodes equipped
with PVs and there are 20 DPVs. Each DPV has a capacity of 10 kVA. A power reference
value of 10 MVA and a voltage reference value of 12.66 kV are taken, all of which are



Energies 2024, 17, 2990 10 of 15

analyzed in the following based on the per unit case. The solar data are collected from
Belgium’s power network operator Elia Group. The paper applies data from different
regions to different DPVs. Samples are collected every 15 min.

23 24 25 26 27 28 29 30 31 32 33
I I 1 1 1 1 | |

1T 1T 1T 1T 1T
1 2 B4 5
L 1 | |
I‘II

main grid 19 20 21 22

Figure 5. IEEE 33-node distribution network.

—_T—o

7 8 9 10 11 12 13 14 15 16 17 18
| | |
L

The simulation environment is as follows: 12th Gen Intel(R) Core(TM) i7-12700
2.10 GHz processor, 64 GB RAM, 64-bit OS computer. The models and algorithms are
implemented in MatlabR2023a. The following three scenarios are set up:

Scheme 1: Distribution network regulation without aggregation for DPV;

Scheme 2: Distribution network regulation using the traditional DPV clustering
method based on power curves;

Scheme 3: Distribution network regulation using the DPV clustering method proposed
in this paper.

4.2. Analysis of Aggregation Results

This section shows the aggregation results, which are verified by calculating the
average voltage sensitivity of the aggregations, and the DPV aggregations under the
scheme of this paper have better voltage regulation per PV on average.

4.2.1. Aggregation Based on Power Curve Features

Three indicators, peak, average, and threshold time percentage are used for feature
extraction of single-day PV power curves. Due to the large difference in the values of each
indicator, it is necessary to normalize each feature quantity.

Figure 6 shows the clustering results of power curve features of a PV in one year
(366 days), and it can be found that the 366 days of data are divided into three categories,
which are represented by red, blue, and green colors.

K-means

Threshold time percentage

Figure 6. A PV annual output clustering result.

The clustering operation of the power curves is performed for all 20 PVs. Since the
three clustering centers of each PV are 3-dimensional points, data compression is required



Energies 2024, 17, 2990

11 of 15

to compress the clustering centers with peak, average, and threshold time percentages as
axes to one dimension to obtain the curve features of the 20 PVs.

Figure 7 shows the SSE descent curve under the traditional curve feature clustering. It
can be seen that when k = 3, the slope of the descent curve changes the most, indicating that
the optimal clustering is achieved when the number of aggregations is selected as three.

Clustering Deviation Plot for Different K Values

L (o)} A

N

The sum of squares due to error

o

o
N -

3 4 5 6 7 8
Number of classifications (the value of K)

Figure 7. SSE curves under traditional curve feature clustering.

Shown in Table 1 are the clustering results based on the traditional power curve
characteristics when the optimal number of aggregations k = 3. The PVs within each cluster
are regarded as an aggregation, forming a total of three aggregations.

Table 1. Clustering results based on conventional power curve characteristics.

The DPV Contained in the Cluster

Cluster Number (Indicated by Node Number)

Cluster 1 5,6,9,11, 28, 30
Cluster 2 7,19,22,23,32,33
Cluster 3 5,4,13,15,17,18, 25, 26

4.2.2. Aggregation Considering Distribution Network Topology

After extracting the features of single-day PV power curves above, the Jacobi matrix
and the integrated electrical distance matrix E are additionally calculated. The data com-
pression is performed to obtain the sensitivity features of 20 PVs. Finally, the features are
clustered by using the K-means algorithm.

Figure 8 shows the SSE descent curve under the consideration of distribution network
topology clustering, and it can be seen that the slope of the descent curve changes the most
when k = 3, indicating that the optimal clustering effect is achieved when the number of
aggregations is selected as three.

Shown in Table 2 are the clustering results for considering the distribution network
topology in this paper when the optimal number of aggregations k = 3. Also, three aggre-
gates are formed.

Table 2. Clustering results based on distribution network topology.

The DPVs Contained in the Cluster

Cluster Number (Indicated by Node Number)
Cluster 1 5,6,9,11,28, 30
Cluster 2 2,4,9,22,23,25,26

Cluster 3 7,13,15,17,18,32,33
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Clustering Deviation Plot for Different K Values
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Figure 8. SSE curves under distribution network topology clustering.

4.2.3. Comparison of Aggregation Results

The average voltage sensitivity  of DPV aggregations under various schemes is
calculated to reflect the degree of the regulation ability of the aggregation on the whole
network voltage:

N
5=1Y Y tSh+(1-7)S3/A (35)
i=1jeW

where W is a set denoting all the nodes where PVs are installed. 55,

voltage sensitivity to node j and to node i, respectively, and T denotes the weights. A
denotes the number of PVs contained in the aggregation. The larger the value of 0 is, the
better each PV in the aggregation regulates the voltage through outputting the power.

The average voltage sensitivity for the three scenarios is shown in Table 3. Compared
with no clustering, the traditional scheme forms three types of aggregations: A1, A2, and A3.
The regulating effect is A3 > A1 > A2, so A3 can be used to participate in voltage regulation
with the best regulating effect. However, such clustering ignores the location of the PVs,
and the regulating effect of some PVs is more obvious but not fully utilized. The scheme
proposed in this paper considers the distribution network topology for clustering and also
forms three types of aggregations B1, B2, and B3; the regulating effect is B3 > B1 > B2, and
B3 > A3, indicating that the scheme in this paper finds the aggregation B3 which has the
best regulating effect. It has the highest average voltage sensitivity.

Si? denote the active

Table 3. Average voltage sensitivity in three schemes.

Scheme

Average Voltage Sensitivity

Aggregation Number Number of PVs Contained

of Each Aggregation
Without aggregation - 20 2.2695
Al 6 2.4928
Traditional scheme A2 6 1.6365
A3 8 2.5767
Bl 6 2.4928
Scheme proposed B2 7 0.7271
B3 7 3.6204

4.3. Participation of PV Aggregations in Voltage Regulation of Distribution Network

The DPV aggregation voltage regulation model in the distribution network is solved
using MATLAB and GUROBI. The scheme without aggregation involves all PVs in voltage
regulation. The traditional scheme lets the aggregation A3 participate in voltage regulation,
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and the scheme in this paper lets the aggregation B3 participate in voltage regulation. The
DPV single-day output is shown in Table 4.

Table 4. DPV single-day output under three scenarios.

Single-Day Voltage at All Single-Day Active Power of Single-Day Reactive Power

Scheme Nodes/kV-h Aggregation/MW-h of Aggregation/MW-h
Before voltage regulation 10,177.5 2.542 —2.289
Without aggregation 10,257.9 5.457 2.980
Traditional scheme 10,196.0 3.796 1.021
Scheme proposed 10,192.8 3.309 0.486

Table 4 shows the voltages of all nodes before and after voltage regulation for the three
scenarios, as well as the single-day PV output. The effect of voltage regulation of DPVs is
reflected by calculating the change in voltage of all nodes on a single day and the change in
power of aggregation on a single day, and this voltage-to-power ratio is denoted as I':

T ot
Aliepy Xz U
T ot

AZiePV Zt:l QG,i

T
Aliiepy X1 Y
T i

AYiepv Lp—1 PG

I=[w + (1-w) 1/A (36)

where w is the scaling factor. In order to reflect the greater impact of the reactive power
output of the DPV on the distribution network, w is taken as 0.2. A larger value of I
indicates that the aggregation has a higher value of regulating the voltage of the whole
network after injecting units of active and reactive power for regulation.

The final regulation results are shown in Table 5; the lowest voltage-to-power ratio of
the non-aggregation scheme indicates that on average each PV has the worst regulation
effect if no aggregation is performed; the aggregation based on the characteristics of the
power curves does not consider the grid topology, and the selected aggregations have
a medium regulation effect; the selected aggregations of the scheme in this paper have
the highest voltage-to-power ratios, which indicates that compared with the aggregation
strategy based on the clustering of the power curves, this paper’s aggregation strategy,
which comprehensively takes into account the grid topology, is more effective at filtering
the PVs that have high regulation ability and has a more responsive regulation effect.

Table 5. Voltage-to-power ratio of DPVs to the distribution network for each scenario.

Scheme Number of PVs Voltage Active Power Reactive Power Voltage-to-Power
Aggregated Variation/kV-h  Variation/MW-h Variation/MW-h Ratio for Each PV
Without aggregation 20 80.4 2915 5.269 0.886
Traditional scheme 8 18.5 1.254 3.310 0.928
Scheme proposed 7 15.3 0.767 2.775 1.201

4.4. Discussion

The proposed aggregation strategy and the voltage regulation model built can be
applied to low-voltage distribution networks. In practice, if the PV output curve and the
topological information of the distribution network are known, the most sensitive DPVs in
terms of voltage regulation capability, i.e., a large voltage variation with a minimum power
variation, can be obtained by the proposed aggregation strategy.

The application of the proposed method does not require additional investment as
DPVs are used for voltage regulation. The proposed method can be deployed in the
platform in the control center of the distribution network. Moreover, this paper focuses
on DPV aggregation and screening the DPVs with optimal voltage regulation. So, the
influence of DPVs on other types of voltage regulation devices is not fully considered in
the paper, which will be left for future research.
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5. Conclusions

This paper proposes a DPV cluster aggregation strategy considering the distribution
network topology to aggregate 20 PVs from the IEEE 33-node distribution network, and
the following conclusions are drawn from the validation of the arithmetic example:

(1) The clustering method proposed in this paper synthesizes peak, average, threshold
time percentage, and voltage sensitivity as clustering features, which can screen
the aggregations with the optimal voltage regulation capability compared with the
method based on the clustering of power curves.

(2) The DPV aggregation voltage regulation model in the distribution network is estab-
lished, and verified by the arithmetic example; compared with the curve clustering
method, the aggregation screened in this paper considering the distribution network
topology can regulate the voltage of the whole network more sensitively with less
output, and it can effectively solve the shortcomings of the traditional clustering
method in the voltage regulation scenario.

Future research will consider the cooperation of various types of resources in voltage
regulation, such as PVs, energy storage, and charging station clusters.
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