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Abstract. After integrating distributed generators (DGs), the volt-
age/var control in distribution networks requires addressing multiple
objectives, including power loss reduction, lifetime saving of mechanical
switching voltage control devices and uncertain power output of DGs.
Therefore, this paper proposes a two-stage voltage/var control method
for distribution networks with uncertain power generation from DGs. A
dynamic voltage/var optimisation model is formulated in the primary
optimisation stage. It dispatches all the voltage/var controllers to min-
imise the action times of mechanical switching devices and the total
active power loss over the day. The second stage consists of a stochasti-
cal optimisation model in which probabilistic scenarios replace the deter-
ministic parameters of DGs and loads. The Monte Carlo approach and
K-mean clustering technic are utilised to generate the scenarios to be
used in the second stage. The DGs’ setpoints are recursively calculated
to address the uncertainties. The proposed method is tested on a modi-
fied IEEE 33-node distribution network. The effectiveness of the method
is demonstrated through the simulation results.

Keywords: voltage/var control + dynamic optimisation - stochastical
modelling

1 Introduction

The distribution network is being evolved from a traditionally radial system
to a multiterminal grid with high penetration of distributed generators (DGs).
This evolved system imposes a challenge in achieving voltage control objectives.
With the increasing integration of DGs, reversed power flow makes traditional
voltage/var control (VVC) schemes invalid because the downstream power injec-
tions are unpredictable to traditional voltage control devices. The supply relia-
bility and system stability can severely deteriorate if the voltage deviates from
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the safety limit. Thus, extensive research has been proposed to achieve reduced
active power loss and optimised node voltage quality by considering DGs’ par-
ticipation [1,2].

A distributed coordinated voltage control scheme was proposed in [3]. The
gradient projection method and model predictive control were utilised to formu-
late the controllers for on-load tap changers (OLTCs), static synchronous com-
pensators and DGs in the system. The voltage violation caused by distributed
photovoltaic (PV) generation was addressed in [4]. A two-stage coordinated con-
trol was utilised to achieve the VVC objectives by considering multiple operation
modes of PV inverters. The local voltage control method proposed in [5] aimed
at mitigating the overvoltage caused by DGs. It utilised enhanced power factor
voltage control methods that adjust active and reactive power with PI controllers
to regulate the voltage. The voltage control scheme in [6] have considered differ-
ent control time scales of traditional switching equipment and distributed power
supply when establishing the voltage/var optimisation model. It achieved volt-
age control objectives through coordinated control under multiple time scales.
The dynamic VVC optimisation model in [7] limited the total action numbers
of switching voltage regulating equipment which effectively reduces the operat-
ing loss of mechanical controllers. Furthermore, the dynamic optimisation was
also established in [8]. The second-order cone relaxation technic was utilised to
reduce the complexity of solving the dynamic optimisation model. In [9], the
power electronic soft switch was considered. The system voltage was further
optimised by utilising the characteristics of the soft switch that can quickly
control the active and reactive power flow. In [10], the dynamic voltage con-
trol was established. The fast control characteristics of power electronic devices
were utilised to improve the dynamic voltage quality in the time segment after
adjustment of the traditional reactive power compensation devices. A combined
centralised and decentralised voltage control scheme was proposed in [11]. It com-
bined the local control of DGs with a centralised optimisation model to achieve
system-level dynamic voltage/var coordination. Literature [12] proposed a data-
driven coordinated voltage control scheme. Based on real-time measurements,
it realised a coordinated and optimised control for multiple voltage regulating
devices under different time scales. In [13], a two-layer VVC model was proposed
that integrates the optimal operation model of the microgrid into the distribu-
tion network voltage control. The model was established based on Stackelberg
game theory and described the game relationship between microgrid and dis-
tribution network. A quantification method of voltage control contribution for
the grid-tied microgrids was proposed in [14] where the fair resource allocation
theory was utilised. A multi-objective VVC model was established to maximises
the voltage control contribution of grid-connected microgrids in the distribution
network.

The above-reviewed VVC schemes improve the system voltage quality for the
distribution network with DGs. Most of these schemes prioritised the objective
of active power loss reduction. However, only a few of them address the wear and
tear of mechanical voltage controllers such as OLTC and shunt capacitors (SCs).
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Furthermore, the impact of DGs’ uncertain generations on the voltage control
objectives is inadequately discussed. Since the fluctuated power generations of
DGs could lead to decreased life duration of mechanical devices and node voltage
violation, it is required to simultaneously consider various factors, including
the active power loss, the lifetime of OLTC and SCs and uncertain generation
of DGs. Therefore, this paper proposes a two-stage voltage/var control model
that addresses multiple factors. The primary optimisation stage calculates the
setpoints of OLTC, SCs and DGs. These devices are coordinately controlled in
the first stage optimisation to minimise the action times of OLTC and SCs and
active power loss in the system. The secondary optimisation stage address the
uncertainty of DGs’ active power forecasts. The setpoints of OLTC and SCs
determined in the first stage are treated as input, while the DGs’ reactive power
can be recursively adjusted. The Monte Carlo sampling approach and K-means
technic are utilised to generate the scenarios for secondary stage optimisation.

The rest of the paper is organised as follows: Sect. 2 formulates the coordi-
nated voltage/var dispatch model and presents the two-stage voltage optimisa-
tion strategy. Section 3 introduces the simulation system and presents the results
and discussions. Section 4 concludes the paper.

2 Two-Stage Voltage/Var Optimisation Strategy

The proposed VVC method aims to address cost reduction and parameter uncer-
tainty simultaneously. Thus, a new two-stage voltage optimisation strategy is
utilised in this paper. In the primary stage, all the DGs’ forecasted generations
and loads are assumed as deterministic parameters. VVC controllers such as
OLTC, SCs and DGs are coordinately controlled to achieve the optimisation
objectives. In the secondary stage, a stochastic dispatch model is formulated by
introducing probabilistic scenarios. The OLTC and SCs remain in the first-stage
positions while the setpoints of DGs are recursively calculated to address the
newly introduced uncertainties.

2.1 Primary Stage Optimisation

In the primary stage, a VVC optimisation model is formulated based on the
DistPF [15]. The objective function (1) consists of three terms. The first term
minimises the aggregated active power loss along the distribution lines. The
second and third terms minimise the action times of OLTC and SCs over the
whole period. Three weights a1, as and a3 scale the objectives. In this paper, a;
takes the largest value among the three weights because the power loss reduction
is considered the primary objective. The weight as takes a large value while
the weight ag is the smallest because the operation cost of OLTC is usually
higher than SCs. The control variable set u consists of OLTC’s setpoint tap,
SC’s setpoint k and DG’s reactive power QP¢. The set s includes all the state
variables such as bus voltage and power flow in the system. It is worth noting that
using the second and third objectives constitutes a dynamic optimisation model,
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which increases the computation complexity. Still, it is economically necessary
as the minimised action times of OLTC and SCs will significantly contribute to
their life duration.

min f(u,z) = a1 Poss + 2Corrc + asCsc

H L
P?(h) + Q3 (h)
Pross = Z Z RiT
h=1i=1 S
H-1 O (1)
Corrc = Z |tap;(h + 1) — tap;(h)]
h=1 i=1
H-1 J
Csc =Y > |ki(h+1) = ki(h)]
h=1 i=1

The objective function is applied by following certain constraints, which are
categorised into (2) and (3). The set (2) includes all the equality constraints
representing each distribution bus’s voltage and power balance.

Pi(h)R; + Q;(h) X,

Via(h) = Vi(h) u
S

Vi(h) = Vi + tap(h) AVig, @)

Piia(h) = Pi(h) — L (h) + PRS (h)

Qir1(h) = Qi(h) — QL (h) + QPG (h) + ki(h) AQ;
The set (3) consists of the constraints for bus voltage, the adjustment range
of OLTC and SCs and the control capacity of DGs. Note that the DGs’ reactive

power can be regulated in four-quadrant as they interface to the system via
converters. Table 1 defines the variables in the formulated model.

szn < V(h) S Vm(l’l'
0 < ki(h) <k
tapmln < tap(h) S mar (3)
QPE (M) < V/(SP9) PDG(h))

In this stage, the forecasted loads and active power from DGs are assumed as
accurate. Therefore, there are no uncertain variables in the optimisation model.
The control variables in this stage include the action sequences of OLTC and
SCs and the reactive power of DGs.

2.2 Secondary Stage Optimisation with Stochastical Modelling

In the secondary stage, uncertain parameters are introduced to formulate a
stochastical optimisation model. The forecasted parameters for DGs and loads
are replaced by their probabilistic scenarios. Considering that the reduced wear
and tear of OLTC and SCs are expected to save their lifetime, their setpoints
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Table 1. Nomenclature for variables in the dispatch model.

Name | Definition

h Time interval

H,L | Time horizon and distribution line set
0,J Device set of OLTCs and SCs

Vi The voltage of bus i

P;,Q; | Active and reactive power flow

R;,X; | Resistance and reactance

Vs Nominal voltage

tap Tap position of OLTC

AViap | Tap step of OLTC

k; Position of the shunt capacitor i

AQ; Step size of shunt capacitor i

P7,Q7 | Active and reactive power of component *
ST Capacity of DG i

(%)™ | Minimal value of variable *

(%)™* | Maximal value of variable *

calculated in the primary stage are treated as input in the secondary stage opti-
misation. However, the setpoints of DGs are recursively calculated as frequent
adjustment of electronically interfaced DGs is more economical to address the
newly introduced uncertainties. Therefore, the optimisation objective in this
stage is formulated in (4). The control variable set v includes all the DGs’
setpoints, and s is the scenario index.

mlnfu x,$) ZZRIPZZ}IS +Q( ) (4)

h=11i=1

The probabilistic scenarios of loads and DGs are generated by (5). The terms
]SiL"“d(h, s), @f"ad(h, s) and ]%-RG(h, s) are utilised to model the possible devi-
ation of parameters. The Monte-Carlo sampling method is utilised to generate
the probabilistic deviation terms. The probability for each of them follows a nor-
mal distribution. The original deterministic parameters are chosen as the mean
values, and the standard deviations for loads and DGs are 3% and 5%, respec-
tively. Therefore, for each scenario s, the parameters PL°%(h,s), PLed(h, s)
and PFoad(h, s) will deviate from their deterministic values according to the
probabilistic deviations.

PLoad(h S) PLoad(h) _'_ﬁiLoad(h’S)
QF(h, s) = QF*(h) + QF**(h, 5) (5)
PEG(h,s) = PES(h) + PEG(h, s)
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A large number of scenarios will be produced after Monte-Carlo sampling.
To select representative scenarios, the K-means clustering approach is utilised. It
is an iterative data-partitioning algorithm that assigns IV parameters to exactly
one of K clusters defined by centroids, where K is chosen before starting the
algorithm. Initially, the approach chooses k centroids by K-means++ algorithm
[16]. Then the following steps repeat until cluster assignments do not change:
First, assign each parameter to the cluster with the closest centroid using the
squared Euclidean distance between parameters to each cluster centroid, or indi-
vidually assign each parameter to a different centroid if doing so decreases the
sum-of-squares point-to-cluster-centroid distances; Then, update K centroids by
calculating the average of the parameters in each cluster.

Alternatively, the K-means clustering can be represented by objective func-
tion (6) and (7) [17]. It applies (6) to minimise the closeness to cluster centroids
while utilises (6) to seek the minimised sum-of-squares point-to-cluster-centroid
distances. £ is the parameter that needs to be clustered, and pi, is the uniform
weight of the parameter. k is the cluster index and my, represents the centroid
in cluster Cy. dist(x) is represented as the squared Euclidean distance. ny rep-
resents the number of feature sets ny.

min Z Z medist(E, my) (6)

keEK £€Cy,

min 3 o 3 6 -6l M

keK f,‘,,{jeck

3 Numerial Simulation

3.1 Simulation System

The proposed VVC was tested on a modified IEEE 33-bus distribution network
as shown in Fig. 1. The raw data of the system is obtained from [15]. The mod-
ifications include an OLTC, three SCs and four DGs. The DGs on bus 14 and
30 are small wind turbine generators, while the DGs on bus 25 and 8 are pho-
tovoltaic generators. Their maximum generations are 2 MVA, 3 MVA, 1.5 MVA
and 1IMVA, respectively. The OLTC has 20 steps and 0.05 pu step size. The SC
at bus 2 has 5 steps, while both the SCs at bus 25 and 30 have 3 steps. The step
size of all the SCs is 0.1 MVAr. Moreover, the original loads are timed by 4 to
accommodate the augmented power generation. The timed loads and the maxi-
mum generations of DGs are treated as base data. The base data is multiplied
by the coefficients obtained from [13] to produce the DGs’ generations and loads
over the next 24 h. Figure 2 shows the produced DGs’ generations.

3.2 Results and Discussions

Primary Voltage Optimisation Results: The total active power loss is 18.52
MW and the average node voltage deviation is 2.06 pu in the original system.
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Fig. 1. Modified IEEE 33-bus distribution network.
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Fig. 2. Day-ahead DGs’ generations for numerical simulation.
After applying the primary stage optimisation, the power loss reduces to 3.85

MW and the average voltage deviation decreases to 0.551 pu. The enhanced VVC
performance is due to the fact that all the devices are coordinately dispatched in
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the proposed model. Figure 3 shows the coordinated pattern in the setpoints of
OLTC, SCs and DGs. The OLTC only adjusts two times, and three SCs remain
at the original position throughout the day. However, all the DGs actively change
their reactive power in responding to the load variations. Figure 4 shows the bus
voltages over 24h. It can be seen that the voltage of each bus secures in the
safety range from 0.95 pu to 1.05 pu.

MVAr
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©
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12 3 456 7 8 91011121314 1516 17 18 19 20 21 22 23 24
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Fig. 3. Setpoints of OLTC, SCs and DGs in the primary stage.

Scenarios Production and Reduction: In the secondary optimisation stage,
probabilistic scenarios are produced to replace the deterministic data of loads
and DGs. By using the Monte-Carlo sampling method, 3000 scenarios are con-
structed, and their probability follows the normal distribution as stated in
Sect. 2.2. Then, five representative clusters are calculated by the K-means clus-
tering approach. Finally, the five cluster centroids are selected as the representa-
tive scenarios. The probability of each scenario depends on the number of points
in the corresponding cluster.

To illustrate the clustering approach, the clustered data of DG1 is selected to
be shown here. Figure 5(a) shows the five clusters and centroids for DG1’s gen-
eration at hour 1. Figure 5(b) shows the generation of DG1 in five scenarios. The
probabilities of DG1s’ active power generation at the first hour in the five repre-
sentative scenarios are listed in Table 2. Due to the page limit, the probabilities
of other DGs and loads are not shown here. The secondary optimisation model
is solved for all the scenarios. The expected value of parameters and objective
function are obtained by Eq. (8) and (9). X;(s) represent the iy, parameter in
scenario s, such as PP%(s) and PF°d(s). S is the scenario set, and I is the
parameter set.

5
X, = ZProbi(s) X X;(8) (8)
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Fig. 4. Bus voltage after primary stage optmisation.
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Table 2. Probablity for DG1’s generation at hour 1 in scenarios.

Index of scenari | DG1’s generation (MW) | Probability
1 1.609 24%
2 1.424 18%
3 1.481 17%
4 1.350 21%
5 1.538 19%

Secondary Voltage Optimisation Results: In the secondary stage, all the
representative scenarios are solved. The expected results are calculated by (8)
and (9). Compared to the results of the primary stage, the power loss slightly
increases to 4.07 MW while the voltage deviation decreases to 0.549 pu. The
deterministic and expected values for DGs’ reactive power are compared in Fig. 6.
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Fig. 6. Comparative results of reactive power of DGs.

The difference between deterministic and expected values indicates that the
optimisation results are sensitive to the uncertainties constructed in Subsect. 3.2.
Due to the change of DGs’ setpoints, the voltage for each node correspondently
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Fig. 7. Bus voltage difference between primary and secondary stage.

varies. Figure7 shows the difference between the voltage in the primary and
secondary stages. All the bus voltages are slightly changed while they are still
secured in a safety range between 1.05 pu and 1.05 pu.

4 Conclusion

This paper has proposed a two-stage voltage/var optimisation strategy. In the
primary stage optimisation, minimised action times of OLTC and SCs and active
power loss reduction are achieved by coordinating all the controllable VVC con-
trollers. In the secondary optimisation stage, uncertain generations of DGs and
loads are introduced via a stochastic approach. The stochastical scenarios were
generated by the Monte-Carlo technic and reduced by the k-means clustering
method.

The two-stage voltage optimisation strategy has been tested on a modified
IEEE 33-bus distribution network. The results after the first stage optimisation
show a significant improvement both in loss reduction and node voltage quality
in comparison with the original system. The second stage optimisation was per-
formed by applying probabilistic scenarios. The setpoints of DGs’ reactive power
are adjusted in response to the uncertainties, and the expected values of active
power loss and node voltage deviation vary. The results demonstrate that the
optimisation results are sensitive to uncertainties. To further improve the volt-
age control performance under uncertain distributed generations, the impact of
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uncertain parameters on the optimisation results should be studied in detail in
future works.

References

10.

11.

12.

13.

14.

15.

16.

17.

Murray, W., Adonis, M., Raji, A.: Voltage control in future electrical distribution
networks. Renew. Sustain. Energy Rev. 146, 111100 (2021)

Yuanyuan, C., et al.: Network partition and voltage coordination control for dis-
tribution networks with high penetration of distributed PV units. IEEE Trans.
Power Syst. 33(3), 3396-3407 (2018)

Wenshu, J., et al.: Distributed coordinated voltage control for distribution networks
with DG and OLTC based on MPC and gradient projection. IEEE Trans. Power
Syst. 37(1), 680690 (2021)

Shiwei, L., et al.: Two-stage voltage control strategy in distribution networks with
coordinated multimode operation of PV inverters. IET Renew. Power Gener. 17(1),
66-82 (2023)

Lundberg, M., Samuelsson, O., Hillberg, E.: Local voltage control in distribution
networks using PI control of active and reactive power. Electr. Power Syst. Res.
212, 108475 (2022)

Yan, X., et al.: Multi-timescale coordinated voltage/var control of high renewable-
penetrated distribution systems. IEEE Trans. Power Syst. 32(6), 4398-4408 (2017)
Chen, L., Deng, Z., Xu, X.: Two-stage dynamic reactive power dispatch strategy
in distribution network considering the reactive power regulation of distributed
generations. IEEE Trans. Power Syst. 32(2), 1021-1032 (2018)

Lai, X., Ma, X., Bai, Y.: Dynamic reactive power optimization method based on
mixed integer second-order cone programming. Autom. Electr. Power Syst. 41(17),
3742 (2017)

Peng, L., et al.: Coordinated control method of voltage and reactive power for active
distribution networks based on soft open point. IEEE Trans. Sustain. Energy 8(4),
1430-1442 (2017)

Muhammad, A., et al.: Coordinated voltage control strategy for voltage regulators
and voltage source converters integrated distribution system. IEEE Trans. Ind.
Appl. 55(4), 4235-4246 (2019)

Bidgoli, H.S., Van Cutsem, T.: Combined local and centralized voltage control in
active distribution networks. IEEE Trans. Power Syst. 33(2), 1374-1384 (2017)
Jabr, R.A., Dzafi¢, I.: Sensitivity-based discrete coordinate-descent for volt/var
control in distribution networks. IEEE Trans. Power Syst. 31(6), 4670-4678 (2016)
Qiao, F., Ma, J.: Coordinated voltage/var control in a hybrid AC/DC distribution
network. IET Gener. Transm. Distrib. 14(11), 2129-2137 (2020)

Qiao, F., Ma, J.: Voltage/var control for hybrid distribution networks using
decomposition-based multiobjective evolutionary algorithm. IEEE Access 8,
12015-12025 (2020)

Baran, M.E., Wu, F.F.: Network reconfiguration in distribution systems for loss
reduction and load balancing. IEEE Trans. Power Deliv. 42, 1401-1407 (1989)
Sergei Vassilvitskii., and Arthur, David.: k-means++: The advantages of careful
seeding. In Proceedings of the eighteenth annual ACM-SIAM symposium on Dis-
crete algorithms, pp. 1027-1035 (2006)

Wu, J.: Advances in K-Means Clustering: A Data Mining Thinking, 1st edn.
Springer, Heidelberg (2012). https://doi.org/10.1007/978-3-642-29807-3


https://doi.org/10.1007/978-3-642-29807-3

