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ABSTRACT

The high proportion of uncertain distributed power sources and the access to large-scale random electric vehicle
(EV) charging resources further aggravate the voltage fluctuation of the distribution network, and the existing
research has not deeply explored the EV active-reactive synergistic regulating characteristics, and failed to realize
the multi-timescale synergistic control with other regulating means, For this reason, this paper proposes a multilevel
linkage coordinated optimization strategy to reduce the voltage deviation of the distribution network. Firstly, a
capacitor bank reactive power compensation voltage control model and a distributed photovoltaic (PV) active-
reactive power regulation model are established. Additionally, an external characteristic model of EV active-reactive
power regulation is developed considering the four-quadrant operational characteristics of the EV charger. A multi-
objective optimization model of the distribution network is then constructed considering the time-series coupling
constraints of multiple types of voltage regulators. A multi-timescale control strategy is proposed by considering
the impact of voltage regulators on active-reactive EV energy consumption and PV energy consumption. Then, a
four-stage voltage control optimization strategy is proposed for various types of voltage regulators with multiple
time scales. The multi-objective optimization is solved with the improved Drosophila algorithm to realize the power
fluctuation control of the distribution network and the multi-stage voltage control optimization. Simulation results
validate that the proposed voltage control optimization strategy achieves the coordinated control of decentralized
voltage control resources in the distribution network. It effectively reduces the voltage deviation of the distribution
network while ensuring the energy demand of EV users and enhancing the stability and economic efficiency of the
distribution network.
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1 Introduction

Distributed renewable energy presents strong uncertainty, and electric vehicle (EV) charging is
affected by traveling behavior with randomness. With a high proportion of distributed power and large-
scale EV integration to the distribution network, the voltage fluctuation problem in the distribution
network is becoming increasingly prominent. When the uncertainties of EV charging and distributed
photovoltaic (PV) output are superimposed, the distribution network has to simultaneously address
the rapid changes in distributed power output and EV charging power. This problem further exac-
erbates the voltage fluctuation in the distribution network, and poses a serious challenge to the
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operational safety and voltage stability of the distribution network [1]. Therefore, the distribution
network must fully explore the available voltage control means and propose effective voltage control
strategies to reduce the impact of random uncertainty of distributed power sources and EVs, and
improve the voltage stability and operational efficiency of the grid [2,3].

With the integration of distributed power sources and EVs, multi voltage control means have
been applied in the distribution network [4], including capacitor bank adjusting, distributed power
sources, EVs, network reconfiguration, etc. However, their regulation characteristics are different, and
the response times and regulation mechanisms are significantly different. How to achieve coordinated
control of these heterogeneous voltage controls on the long time scale is challenging and also of great
research significance. It is necessary to fully consider the dynamic characteristics and complementary
characteristics of various types of voltage regulators, and design an efficient coordinated control
strategy to improve the overall operational efficiency of the distribution network while ensuring voltage
stability.

The distribution network optimization model covers a large number of structural variables and
nonlinear constraints and involves discrete devices such as on-load tap changer (OLTC) and shunt
capacitor bank (CB), which have coupled characteristics over multiple periods. Therefore, the voltage
optimization problem is essentially a complex spatio-temporally coupled mixed integer nonlinear pro-
gramming problem. Existing studies have mostly concentrated on traditional optimization algorithms
such as particle swarm algorithms [5] and differential evolutionary algorithms [6] in dealing with such
challenges, which often face limitations such as high computational complexity and the tendency
to fall into locally optimal solutions when dealing with complex distribution network optimization
problems. To further improve the efficiency and effectiveness of distribution network voltage control
optimization, a series of modern optimization algorithms, such as the flow direction algorithm
(FDA) [7], equilibrium optimizer, golden jackal optimizer, stochastic search algorithm, arithmetic
optimizer, and African vulture optimization algorithm have received wide attention in recent years
for their excellent performance in solving nonlinear and multi-objective optimization problems. These
algorithms can efficiently search for the global optimal solution in a complex optimization space by
simulating group behavior or physical phenomena in nature, thus providing new ideas and methods
for distribution network voltage control optimization.

For the distribution network voltage problem, Reference [8] established a reactive power optimiza-
tion model for the distribution network and solves the model by particle swarm algorithm. Reference
[9] proposed an active-reactive power coordination optimization method for a high proportion of
new energy grid-connected scenarios starting from energy storage regulation. Reference [10] designed
a novel multi-segment reactive voltage profile for PV inverters in a multi-timescale voltage control
framework for distribution network reactive power compensation. Reference [1 1] performed a hybrid
time-scale cooperative reactive power/voltage control of the distribution network taking into account
the PV output uncertainty. Reference [12] considered distributed PV, reactive power compensators,
and network reconfiguration voltage control methods and used an improved ant colony algorithm
for solving to achieve reactive power optimization. Reference [13] proposed the use of conventional
reactive power compensation devices in combination with inverters, resulting in a significant increase
in the adjustable reactive capacity compared to the remaining capacity of the inverter. Reference
[14] used a multi-objective framework to provide a feasible scope for coupling power and transport
networks. However, the further increase in the proportion of distributed power sources, a short
period may be a large power drop, only through the reactive resources in the distribution network is
difficult to meet the demand for grid regulation, and the existing reactive resources cannot satisfy the
requirements of the case without increasing new investment, and how reactive resources and active
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voltage control resources co-control lack of in-depth exploration. Meanwhile, the multi-objective
optimization framework of the above studies focuses more on the complementarity of multiple
regulators on the time scale and lacks spatial synergy.

Regarding the use of EV regulation capability to regulate distribution network voltage, Reference
[15] and others used the Monte Carlo method to simulate EV charging demand, transform the
distribution network voltage control problem into a Markov game, and achieve distribution network
reactive voltage coordinated optimization based on a two-stage voltage control method. Reference
[16] designed a day-ahead and real-time coordinated optimization model for EV charging stations
connected to the distribution network and established a layered power optimization model for the
distribution network to achieve coordinated optimization of reactive voltage in the distribution
network. Reference [1 7] proposed a coordinated active-reactive power optimization method under dual
time scales for the power and voltage fluctuation problem of EV stations accessing the distribution
network and constructed a Markov decision model based on the switchable capacitor blocking position
to achieve long-timescale optimization. Reference [18] achieved network loss reduction by optimizing
the active power of EVs in each period. Reference [19] proposed an intelligent approach with a
parameter-sharing framework to effectively solve the problem of coordinated power control of EVs in
distribution networks. Reference [20] used the deep deterministic policy gradient (DDPGQG) algorithm
and exploited the training capabilities of deep neural network (DNN), i.e., Actor neural network
and Critic neural network, to evaluate the effectiveness of the proposed deep learning scheme from
a systematic point of view and its performance. However, the above research focuses on the active
power regulation of EVs, lacks refined analysis of reactive power regulation characteristics during
EV charging, fails to achieve voltage control support for distribution networks from the perspective
of EV active-reactive synergistic control, and fails to deeply analyze the synergistic control of EV
active-reactive regulation characteristics and other voltage control resources. And does not adequately
consider the charging needs and uncertainties of electric vehicles, ignoring user characteristics. At the
same time, the optimization solution algorithms of the existing methods have high computational
complexity and easily fall into local optimal solutions when dealing with complex multi-level and
multi-decision variable optimization problems, which can easily lead to poor control effects in different
time scales.

To solve the problems in the above methods, a multilevel linkage voltage control optimization
strategy for distribution networks considering the active-reactive regulation characteristics of electric
vehicles is proposed. Firstly, a capacitor bank reactive power compensation regulation model, a
distributed photovoltaic active-reactive power regulation model, and a network reconfiguration
voltage control model are established. Secondly, the four-quadrant operating characteristics of EV
chargers are considered to establish a model of the external characteristics of EV voltage control, and
then a multi-objective optimization model of the distribution network is constructed by considering the
constraints of EVs and distributed photovoltaic active-reactive power regulation. The multi-objective
optimization model is constructed to consider the active-reactive co-regulation of EVs. The model
takes into account the minimization of voltage deviation and the reduction of network loss and realizes
the double regulation of active and reactive power in the charging process of EVs, to improve the
stability of the grid voltage and the operation efficiency. Then, by combining the multi-timescale
characteristics of the different regulating means and the impact on the user’s demand for energy
and new energy consumption, the optimization strategy of regulating the voltage at the four levels of
the distribution network is proposed. Finally, for the complex multi-level and multi-decision variable
optimization problem, this paper adopts an improved fruit fly algorithm for solving the problem to
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achieve multi-level linkage collaborative voltage control optimization under power fluctuation in the
distribution network.

Section 2 specifically introduces four types of voltage regulators, namely capacitor bank, dis-
tributed photovoltaic, electric vehicle, and network reconfiguration, and analyses in detail their oper-
ational characteristics and roles in voltage control. Section 3 proposes a multi-objective optimization
model and a four-level linkage coordinated optimization strategy of the distribution network oriented
to the complementarity of various types of regulators with multiple time scales. Section 4 introduces
the use of the improved Drosophila algorithm to solve the multi-objective optimization function.
Finally, Sections 5 and 6 discuss the experimental results and conclusions, respectively.

2 Operational Characteristics of Voltage Control Resources in Distribution Networks

The voltage fluctuation is caused by the active and reactive power variations caused by distributed
power fluctuations, EV access, and load variations in the distribution network [21]. This voltage
fluctuation can be given by Eq. (1).

QC/' 1 PC/' ’
AU = o~ ' 1
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where P, and Q, represent the active power and reactive power provided by the load during load
fluctuations in the distribution network; and S, is the short-circuit capacity of the busbar.

An increase in power variations results in an increase in voltage fluctuations A U. Therefore, in this
case, the voltage-adjustable resources in the distribution network are particularly important. In order
to cope with the challenges posed by load variations, it is necessary to make full use of distribution
network voltage control resources such as reactive power compensation equipment, distributed PVs,
and EVs.

2.1 Reactive Power Compensation Equipment

A shunt capacitor bank (super-capacitor, SC) can compensate for the reactive power of inductive
loads of a power system, improve the power factor, and reduce the losses. The reactive power model
of SC can be given by Eq. (2).

z[',sc =N, i[,SC Oisc 2)
where N . represents the number of switched capacitor (SC) groups connected to node i at time ¢

O,sc represents the reactive power compensation per single SC group connected to node i; and Q.
represents the reactive power compensation of SCs connected to node 7 at time ¢.

2.2 Voltage Control Characteristics of Distributed PV’s

Distributed PV voltage reactive power regulation is usually controlled by reactive power regula-
tion, and then active power is regulated to satisfy voltage control requirements when voltage control
requirements cannot be met. The operating region of distributed PV power is shown in Fig. 1 [22].

The PV system is constrained by the maximum apparent power and power factor during
operation, which can be given by Eq. (3).
5 2
P12°V,i o+ Qf)v,,- (H =< (SPv,i)
—Ppy,; (1) tan 8py,; < Opy,; (1) < Ppy, (2) tan dpy;

()



EE, 2025, vol.122, no.1 225

where Ppy, (¢) and Oy, (¢) respectively represent the active and reactive power output of the PV at node
i at time ¢; Spy, represents the distributed PV capacity at node i, and 8py; Spy, 1s the allowable power
factor angle at node i.

Figure 1: PV operating power range

2.3 Voltage Control Characteristics of EV's

The EV is connected to a bi-directional charger for active and reactive power interaction with the
grid. The capacity curve of the charger is shown in FFig. 2. Reference [23] is the active power consumed
by the EV for charging, and is the reactive power absorbed or emitted by the charger to the grid. The
figure shows the different operating states of the charger through four quadrants: the first quadrant
is the charging state, where both active and reactive power are positive. The second quadrant is the
charger absorbing active power but still providing reactive power. The third quadrant is the discharging
state, where both are negative, and the fourth quadrant is the braking energy recovery, where the active
power is positive but the reactive power is negative.

Q EVA

Figure 2: Charger operating characteristics

During charging, the rated power of the charger depends on the state of the EV and the charging
port, so the actual charging power may be lower than the rated value. Among them, w,,, represents
the maximum power factor of the charger, ¢, and ¢,.., represent the minimum and maximum power
factor angles of the charger.
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The active and reactive power for charging is as defined as Pgy and Qgy.
Ppy = Scoso
{ QEV - S Sil’l ¢ (4)
where S represents the capacity of the charger; and ¢ is the power factor angle.

The rated capacity of the charger is certain, and when it interacts with the grid’s active and reactive
power in both directions, the increase or decrease of active and reactive power is complementary.
Therefore, it is necessary for the charger to reduce part of the active power to compensate for the
reactive power.

Pey =8 = Oty (5)
P.) X R+ Qe + Q) x X
v,

where s is the starting node; V is the starting voltage; R and X are the equivalent resistance and
equivalent inductance in the distribution network line, respectively; V. is the terminal voltage, and P,
and Q. are respectively the active and reactive power of the terminal conventional load.

VSz_lestR+QEvXX

V.= VS—( (6)

V.=27-— 7
7% (7
where Z=V,— (P.x R+ Q. x X)/V..
When the charger operates in quadrant I, the derivation of Eq. (7) yields.
Orv X R
——+X
v, /S -0 )
dQEV I/s

When the charger is in inductive mode and maintains V', constant, the relationship between the
terminal voltage V', and the reactive power Qgy, is shown in Fig. 3, and it is not monotonic. In the
figure, V', represents the terminal voltage when the charger is not performing reactive compensation.
When Qgy is below Qkgyy, its derivative is negative, and increasing inductive reactive power will further
reduce the voltage. When Qgy exceeds Oy, its derivative is positive, and the direction of voltage change
is opposite to that when Qky is below Qgy,. At point Oy, the voltage control effect is optimal, referred

to as the optimal operating point, and the terminal voltage at this time is V.

el

0 Q/-: V1 Qn v

Figure 3: Inductive mode of EV charge
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When the charger operates in quadrant IV, it charges the EV in capacitive mode. According to
Eq. (8), its derivative is less than zero, so the terminal voltage V., and reactive power Qgy have a
monotonically decreasing relationship, as shown in Fig. 4. When Qgy = — Qg max » the regulation effect
is optimal, with the terminal voltage being V.,. When the node voltage is low and needs to be increased,
reactive power should be injected into the system. At this time, the charger should be adjusted to
capacitive mode to send reactive power to the grid.

|
: >
- QEV max 0 Q/; v

Figure 4: Capacitive mode of EV charger

EV charging is constrained by both the owner’s charging goals and the operational limits of the
charger.

2.3.1 Charging Objectives for Vehicle Owners

It is difficult to satisfy the target state of charge (SOC) requirements of each EV user during user
participation in the regulation process. Therefore, the minimum SOC value S, after user participation
is given by Eq. (9).

Sd == Sh + I (9)
where S, is the charge margin, valued at 0.3 [24]; and M, and M; are the driving range and cruising

range that need to be met with a single charge, respectively.

After charging is completed, the user’s SOC value S,., must satisfy the following constraints as
given by Eq. (10).

Sd S Sdep S SH (10)
where Sy is the upper limit of the electric quantity.

The charging time of EVs to meet user needs must satisfy the following constraints as given by
Eq. (11).

Tstart < 7—}1 < Tdep (11)

where T, represents the current time of the p-th controllable EV; and T, and T, represent the start
charging time and the departure time.
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2.3.2 Constraints on the Operational Characteristics of the Charger
The power factor angle must meet the operational characteristic constraints of the charger, which
is given by Eq. (12).
¢min < ¢ < ¢mux
_¢max < d) < _¢min

where ¢, and ¢, represent the minimum and maximum power factor angles of the charger.

(12)

2.4 Network Reconstruction

Network reconfiguration can effectively balance loads, eliminate overload conditions, improve the
quality of power supply, and increase the security of power supply. In addition, by optimizing switching
combinations, the operation of the power system can be optimized, the distribution of active and
reactive power can be adjusted and voltage control can be achieved, which can reduce operating losses.
When performing network reconfiguration, it is necessary to ensure the connectivity and radiality
requirements of the distribution network to maintain the stability and reliability of the system [25].

The network reconfiguration schematic is shown in Fig. 5.

Figure 5: Network reconfiguration schematic

3 Multi-Level Linkage Model

Load variations cause voltage fluctuations, which become more significant as the uncertainty of
EV loads and distributed light sources increases. To cope with this challenge, four voltage control tools,
namely distributed PV power generation, reactive power compensation equipment, EV chargers, and
network reconfiguration, need to be utilized in an integrated manner and their coupling characteristics
on long time scales need to be fully exploited by working in conjunction with each other. The combined
objective of minimizing voltage deviation and network loss at distribution network nodes is thus
transformed into a multi-objective long-timescale combinatorial optimization problem.

3.1 Optimization Objectives

The fluctuation of distribution network node voltage affects the charging of EVs and the
penetration rate of access to the distribution network, and reasonable control of the distribution
network node voltage can improve the operating economy of the distribution network and reduce
the operating deviation [26,27].

The objective function Gy, (x) for minimizing the voltage deviation at distribution network nodes
is given by Eq. (13).

ve—vr
V_max _ I/l_mm

1
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where N represents the number of nodes in the distribution network; and V™, V™", VI, V° respectively
represent the maximum, minimum, rated, and actual operating voltage values of node i.

Construct the objective function G, (x) for minimizing active power loss in the distribution
network, given by Eq. (14).

Gloss (X) = min

- (14)
> ha (i) (V2 + V=2V, V,cos ,)

d=1

where N, represents the number of distribution network lines; 4, (7, ) represents the conductance value

between i and j; V; and V; represent the voltage values at nodes i and j; d represents the number of
lines between nodes 7 and j; and %, represents the voltage phase difference between the two nodes.

In this paper, in the multi-level linkage co-optimization of the distribution network, network
loss and voltage deviation are used as the comprehensive objective function of each level. The multi-
objective optimization function G is given by Eq. (15).

_ : Gloss (x) ’
G = min {Gdb x) } (15)

where Gy, (x) and G, (x) are the objective function for minimizing voltage deviation at distribution
network nodes and the objective function for minimizing active losses in the distribution network,
respectively.

3.2 Optimal Strategy for Coordinated Control of Four-Level Power Distribution Network

In the actual operation of the distribution network, the reactive power resources in the distribution
network can be used to regulate the voltage deviation, and when the reactive regulating resources
cannot satisfy the requirements of voltage stability, it is further necessary to use the way of changing
the current distribution and active power regulation for voltage control [28-30].

The current distribution network is affected by distributed new energy and charging loads, and
the voltage fluctuation caused by strong power volatility is frequent, it is difficult to fully satisfy
the demand for voltage control only by relying on a single means of voltage control, and this paper
considers four means of voltage control, such as capacitor bank switching, reactive power regulation
of electric vehicles and photovoltaic inverters, network reconfiguration, and active power regulation
of EVs and PV inverters.

The four-level linkage control strategy aims to ensure the effective synergy of voltage control
resources over long time scales. The strategy performs a comprehensive four-level optimization based
on the qualification of voltage levels by implementing a tidal current calculation covering the first,
second, and third levels of control. The specific coordination process is shown in Fig. 6. In Fig. 6, the
importance of the capacitor bank as a first level of regulation is first highlighted, which is prioritized
for voltage control due to its low cost, despite its limited number of cuts. However, in the case of
large voltage fluctuations due to the superposition of new energy sources and charging behavior
uncertainties, the capacitor bank may not be able to meet the voltage control requirements. In this
case, other means of voltage control in the distribution network need to be invoked. Considering
that PV inverters and EVs have reactive power response capability, they can provide reactive power
support to the distribution network through inverters and chargers without affecting PV active output
and user charging. If the above two means still cannot meet the voltage control requirements, it is
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necessary to consider changing the active and reactive power distribution of the distribution network
utilizing network reconfiguration to reduce the voltage deviation at the nodes with more serious voltage
problems. Finally, if the above three means still cannot satisfy the voltage control requirements, it is
necessary to regulate the active power, using the active regulation of PV inverters and EVs as the final
means of voltage control. This is also to minimize the impact of the regulation control on the PV active
output and user charging.

Three-stage network reconfiguration

voltage regulation control: voltage
regulation through network
reconfiguration and trend calculation

Reading system structure and
equipment parameters

First-level conventional reactive Expansion calculations and primary,
power voltage regulation control: secondary and tertiary
voltage regulation control through the Current voltage calculation for reactive
casting of reactive power power control
compensation equipment and current
calculation

Satisfy the distribution
etworkVoltage level qualified

Satisfy the distribution
etworkVoltage level qualified

Four-level active resource regulation
control: voltage regulation by limiting
the active power of distributed PV

New reactive voltage regulation control and EVs, and trend calculation
at the second level: reactive power *
compensation via distributed
photovoltaics and electric vehicle
chargers with trend calculation

Satisfy the distribution

Satisfy the distribution
etworkVoltage level qualified

No Reactive power control failure

Yy

A4
Outputs and executes the

linkage control strategy for
the phase

Figure 6: Four-level linkage control process of the distribution network

Therefore, considering the regulation characteristics of the four voltage control means, the
specifics of the four-level linkage coordination and optimization strategy for distribution networks
proposed in this paper are as follows:
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First-level conventional reactive power voltage control control: Capacitors for reactive power
compensation. Capacitor banks are fast-responding and low-cost, and can quickly regulate the voltage
to maintain system stability. To reduce network losses and voltage deviations, reactive power is
regulated by connecting capacitors in parallel, so that the voltage can meet the system demand.

Second-level new reactive power voltage control control: Reactive power compensation using
distributed PVs and EVs. When shunt capacitors cannot satisfy the requirements of reactive voltage
control for large load fluctuations, the generation power and users’ charging demand are not affected
by reactive power regulation. By regulating the reactive power output of PV inverters and EV chargers,
reactive power regulation of the entire grid is realized, thus reducing network losses and voltage
deviations.

Third-level network reconfiguration voltage control control: Network reconfiguration. When the
required voltage control cannot be achieved through the first two strategies in the distribution network
system, network reconfiguration is carried out. Network reconfiguration can adjust the topology of the
distribution network to achieve voltage control, satisfying the system’s voltage stability and reliability
requirements.

Fourth-level active resource voltage control: Limiting active power of PVs and EVs. When the first
three types of control strategies cannot satisfy system requirements, limiting the active power of PVs
and EVs is used as a last resort. This strategy aims to ensure system voltage stability and reliability by
limiting the active power of PVs and EVs.

In summary, the four-level linkage control strategy ensures that voltage control resources coordi-
nate over long time scales. It conducts power flow calculations that account for primary, secondary,
and tertiary control, and performs comprehensive optimization based on the voltage level qualifica-
tions. The specific coordination process is shown in Fig. 6.

3.3 Constraints

3.3.1 Operational Constraints of EVs

— Py < Pevi < Py (16)
o < Oevar < Ot (17)
\/ (Pevis) + (Owvis) < S (18)
SOC, < SOC,, < SOC,, (19)
where Pyy;, represents the active power of the k-th EV participating at control node i; Py, ,, is the rated

charging power the k-th EV participating at control node i; Qgy..x, Qf7,» Qv are the reactive power

and its limits of the k-th EV participating at control node i; S is the rated capacity; SOC;, represents
the SOC of the k-th EV participating in the regulation at node i; SOC; represents the initial SOC value
of the EV at the start of charging; and SOC,,, represents the target SOC value at the end of charging.

3.3.2 Power Flow Constraints in the Distribution Network
P.=V, Z V, (H;cos6; + By sin6,)

< 20
0=V, Z V, (H,cos6; — B;sin6,) (20)

Jjev
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where Q; and P; represent the reactive and active power values at node i of the distribution network,
respectively; H, represents the conductance value between nodes i and j of the distribution network;
and B; represents the susceptance value between nodes i and j of the distribution network.

The node voltage V, is an important constraint in the distribution network optimization problem,
which is given by Eq. (21).
<V, < V™, 0el0,N] 21)
where V™" and V™ represent the upper and lower limits of the node voltage.

Taking the transmission capacity of the distribution network branch as a constraint condition,
which is given by Eq. (22).
I <I™,ie[0,N] (22)

where I, represents the current flowing through the branch; and i represents the maximum current
value allowed by the branch of the circuit i.

3.3.3 Constraints of Distributed PVs

0 < Ppvi < Ppyimax

Py + Qpvi < Shy, (23)

_QPVi,min S QPVi S QPVi,max

where Ppy; and Qpy; represent the actual active and reactive power outputs of the distributed PV
system connected to node i, respectively; Ppy;n.x represents the maximum active power output of the
distributed PV system at node i; and Qpy; . represents the maximum reactive power output of the
distributed PV system at node i.

3.3.4 Network Reconstruction Constraints

The number of lines connected to the distribution network is equal to the total number of nodes
minus the number of root nodes.

jeQy, JeQy

where 1, is a binary variable representing the state of power line ij at time ¢, and if A;, = 1, the line is
undamaged and closed, otherwise, the line is damaged or open; N, is the total number of nodes in the
distribution network; €2, and €2, are the sets of lines in the distribution network; y;, indicates whether
node j is a root node, and if y;, = 1, the node is a root node, otherwise, it is not a root node.

The reconfigured network topology g, of the distribution network is taken as a constraint, which
is given by Eq. (25).
& € Gy (29)

where G, represents the set of distribution network topologies.

3.3.5 Constraints of Reactive Power Compensation Equipment
T

2 (Nise +Niso) = Dl 26)
0= Ny < NN,

,SC? ,SC € lnt
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where N5 and N/ represent the numbers of compensation groups for the increase and decrease of
SC at node i at time ¢, respectively, both being non-negative; D7 is the upper limit of SC operations
within a scheduling period 7; and N[ is the maximum number of SC groups connected to node i.

In this article, the comprehensive objective function at each level is to minimize network losses
and voltage deviations, the optimization constraints for the first level of conventional reactive voltage
control are defined by Eq. (26), the optimization constraints for the second level of new reactive voltage
control are defined by Eqs. (16)—(19) and Eq. (23), the optimization constraints for the third level of
network reconfiguration voltage control are defined by Eqs. (24) and (25), the optimization constraints
for the fourth level of active resource voltage control are defined by Eqgs. (16)—(19) and Eq. (23).

4 Improved Fruit Fly Algorithm

Fruit fly optimization algorithm is a population-intelligent global optimization technique, which
simulates the behavior of fruit flies during foraging, searching, and optimizing through olfaction and
vision. The main steps include: initializing the position of the fruit fly population, randomly searching
for food sources through olfaction, searching for the global optimal position using vision, evaluating
and updating the fitness values of individuals, and iterating repeatedly until the termination conditions
are met. Although the basic fruit fly optimization algorithm is simple and easy to use, it may converge
prematurely or fall into a local optimal solution when facing complex optimization problems.

In this paper, we propose an improved fruit fly algorithm, which takes the classical fruit fly
optimization algorithm as the main framework and carries out various optimizations based on it. By
transforming the two-dimensional coordinate representation of the individual into one-dimensional
coordinates, and obtaining the fitness function for evaluating the strengths of the individual fruit flies
based on the distance f from the fruit fly’s position, the complexity of the operation can be reduced.
At the same time, we introduce a decreasing factor of the search radius in the iterative search for the
optimal. The specific steps are as follows:

Initialize the parameters required by the algorithm.

The search operation is carried out for an initial fruit fly population of size psizel. The position
equation for fruit fly individual f is given by Eq. (27).
f=/fi+Rxrand () (27)

where rand () represents the random number between [—1, 1]; R represents the search radius; and f;
represents the initial position of the fruit fly.

The equation for calculating the concentration f,., of the fruit fly’s position odor is given by
Eq. (28).

S, =K (f) (28)
where K represents the fitness function.

Identify the individual with the highest concentration of the scent and record its position
coordinates fi... Subsequently, set this optimal position as the starting point for the search of the
fruit fly group in the next iteration, guiding the group to explore more promising areas.

Based on the fruit fly positions obtained in the previous step, continue the iterative optimization
process using the fruit fly population with a scale of psize2.
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Introducing the search radius decay factor ¢, the equation for the individual fruit fly’s position f,
is given by Eq. (29).

fo = foex + R X rand (-) x ¢ (29)

The equation for calculating the position and odor concentration of individual fruit flies S, is
given by Eq. (30).

So =K (fo) (30)

Search for and record the precise location of fruit flies where the concentration of flavor reaches
its peak f/ ., and then use this information to guide other fruit flies towards that location.

Repeat Egs. (29) and (30) until the maximum iteration requirement is satisfied and the optimal
Drosophila individual is obtained, i.e., the optimal solution is found.

5 Case Study Analysis

A modified IEEE 33-node distribution system is used for simulation and analysis. As shown in
Fig. 7, the system consists of 33 network nodes and 32 branch circuits with five operable contact
lines (switches numbered 6-21(34), 8-15(35), 13-23(36), and 18-33(37)). Distributed PV generation
equipment with a capacity of 1200 kW is provided at nodes 12 and 29, setting a total maximum
active output of 960 kW with an adjustable power factor range of —0.9 to 0.9. All branch circuits
are equipped with sectional switches. The total load of the system is set to 5920 kW and 2320 kvar,
and the EV charging station is connected to node 11 and node 19, equipped with 10 sets of chargers
with a power of 120 kW, a maximum power factor of 0.95, and a battery capacity of 100 kWh for
EVs. In addition, shunt capacitor compensation devices are equipped at node 6, node 13, and node
25, with 10 sets of capacitors for each device. The device has 10 sets of capacitors with a compensation
capacity of 500 kvar. The fluctuation curve of the load and the output curve of distributed PV in this
network are analysed as shown in Fig. 8. As shown in Fig. §, the PV output gradually increases from
early morning to late afternoon and then weakens after peaking in the late afternoon. The load curve,
on the other hand, shows a trend of increasing during the day and decreasing at night, with the peak
hours concentrated in the daytime, especially in the late afternoon. The two highly overlap in the 10:00
to 15:00 time period, indicating that power supply and demand are tight during this time.

24 @25
23 @
1
‘ 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
® 19 ® 26
o o o e o e o o o o
20 21 22 27 28 29 30 31 32 33

Figure 7: IEEE 33 power distribution system

A total of three simulation scenarios are set up for evaluation and analysis.
Scenario 1: Switching of shunt capacitors alone;
Scenario 2: Optimization by integrated linkage coordination of the first, second, and third levels;

Scenario 3: Optimization strategy by four-level linkage coordination.
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Firstly, 14:00 is selected for linkage coordination optimization analysis, and the simulation results
are shown in Table | and Fig. 9.

Table 1: Optimization results under different scenarios

Scenario Network loss (kW) Voltage deviation (p.u.)
Without optimization 250.13 0.065
1 143.29 0.045
2 97.55 0.037
3 91.53 0.024
1.10
—e— primary network—e— Scenariol—®— Scenario2 Scenario3
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Figure 9: The distribution of system voltage at 14:00 across three scenarios
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The data in Table | shows the significant optimization effect of different optimization strategies on
the grid performance. In the no-optimization condition, the system net loss is as high as 250.13 kW and
the voltage deviation reaches 0.065 p.u., showing a large operational burden and voltage instability. In
Scenario 1, a 42.7% reduction in network loss to 143.29 kW and an improvement in voltage deviation
to 0.045 p.u. are achieved by regulating the voltage with shunt capacitors only, when the first three
levels of the optimization strategy introduced in Scenario 2 further cuts the network loss to 97.55
kW, a reduction of 61%, and the voltage deviation is scaled down to 0.037 p.u., which significantly
improves the network economy and stability. However, in Scenario 3, using the four-level linkage
coordinated optimization proposed in this paper, the fourth-level system reduces the network loss value
from the initial 250.13 to 91.53 kW by limiting the active power of EVs and distributed PVs, which is
reduced by 63.4% comparing with the no-optimization scenario, meanwhile, the voltage deviation is
reduced to 0.024 p.u., which strengthens the reliability of the system, and meets the requirements of the
grid’s stable operation. Operation requirements. The results show that the four-level linkage regulation
strategy proposed in this paper effectively improves the voltage control effect of the grid and reduces
the operating losses of the distribution network.

The voltage distribution of the system in three scenarios is recorded as shown in Fig. 9.

Asshownin Fig. 9, it is demonstrated that in Scenario 3, the voltage fluctuation of the distribution
network is significantly improved and reduced to a smooth state by implementing the four-level linkage
coordination optimization strategy. The voltage fluctuation control performance in Scenario 3 is much
better compared to the use of shunt capacitor casting and switching alone in Scenario 1, as well as
the integrated one-, two-, and three-level linkage coordinated optimization in Scenario 2. Specifically,
the fluctuation range of voltage values is significantly reduced under Scenario 3, and at node 15, the
voltage fluctuation is reduced from £5% in Scenario 1 to within £1% in Scenario 3, showing the
superiority of the four-stage linkage strategy in voltage stability control. This shows that through the
four-level linkage control, the distribution network can better cope with various load variations and
maintain voltage stability, thus improving the overall operation efficiency and power supply quality of
the power system.

To further validate the advancement and advantages of the strategy proposed in this paper, a full-
day optimization simulation is carried out. The network reconfiguration results for Scenario 3 are
shown in Table 2. The voltage variation at the end of the line (node 18) is shown in Fig. 10.

Table 2: Distribution network reconfiguration

Moment Network loss (kW) Switching state
00:00 250.40 34, 35, 36, 37
14:00 96.31 10, 34, 35, 37
15:00 97.87 10, 34, 35, 37
19:00 94.93 8, 35, 36, 37
22:00 96.72 13, 34, 35, 37

As shown in Table 2, network reconfiguration was performed at 14:00, 15:00, 19:00, and 22:00.
Meanwhile, the data in the table indicate that the strategy proposed in this paper can significantly
reduce system network losses and improve the economic efficiency of the power grid.
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Figure 10: Voltage distribution at node 18

As shown in Fig. 10, the significant effects of different voltage control schemes on the voltage
at the end of the line are shown. In Scenario 1, relying on the capacitor bank alone to regulate the
voltage achieves an initial improvement, but the voltage slips below 0.95 p.u. several times, indicating
that its regulation capability is limited and it is difficult to meet the stability criteria. In contrast, both
Scenario 2 and Scenario 3 show more positive voltage improvement, with Scenario 3 being particularly
outstanding. The voltage in Scenario 3 is not only stable above 0.98 p.u., but also has a very small range
of fluctuation, which is significantly better compared to Scenario 2, where the voltage level is similar
but the fluctuation is larger. This low-fluctuation and high-stability voltage characteristic is crucial for
enhancing the overall stability and reliability of the distribution network and is a preferred solution
for improving the quality of grid operation.

Fig. 11 shows the active power and reactive power situation of the charging station connected to
node 11 over 96 time periods within a day.

In Scenario 1, the charging station acts as a load consuming active power from the grid. In Scenario
3, the voltage is regulated by utilizing the adjustability of the active and reactive power of the EVs while
interoperating with the voltage control means of PV active-reactive power regulation, capacitor bank
casting, and network reconfiguration in the distribution network. The two time periods, before 1:00
and after 17:30, alleviate the power peak pressure on the grid and reduce the voltage deviation at the
nodes.

Fig. 12 compares the charging power of EVs at node 19 before and after participating in voltage
control at the charging station.

As shown in Fig. 12, the effect of power regulation of EVs during the charging period (Sc) and idle
period (Se) and the potential for grid optimization it brings are demonstrated. During the charging
period Sc, the EVs are stably charged at the rated power, which ensures charging efficiency. However,
after entering the idle period Se, by implementing the regulation strategy proposed in this paper, the
active power of EVs can be flexibly adjusted according to the actual demand of the grid. This strategy
not only allows EVs to rapidly charge most of the power in a relatively short period to fully cope
with the situation where the owner may drive away early, thus not affecting the owner’s charging
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demand, but also realizes the effective optimization of the voltage stability of the distribution network
by intelligently regulating the power output of the charging machine, which not only meets the charging
demand of the EV, but also improves the operational efficiency of the grid, and thus optimizes the
distribution network’s voltage stability.
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Figure 11: Active and reactive power of the charging station at node 11 across different scenarios
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Comparing the improved fruit fly optimization algorithm with the particle swarm optimization
algorithm, the convergence characteristics of the two algorithms are shown in Fig. 13, from which it
can be seen that the improved fruit fly optimization algorithm achieves better results than the particle
swarm optimization algorithm, both in terms of speed of convergence and convergence accuracy.
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Figure 13: Comparison of convergence characteristics

6 Conclusion

The proposed multi-stage voltage control optimization strategy for distribution network demon-
strates a significant quantitative performance improvement in the arithmetic score. Specifically, by
implementing the strategy, the network losses are significantly reduced from 250.13 kWh in the no-
optimization state to a minimum of 91.53 kWh, causing a reduction of 63.4%. Meanwhile, voltage
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deviation also improved significantly from 0.065 to 0.024 p.u. In addition, the four-level coordinated
optimization also significantly reduces the voltage fluctuation range and further optimizes the grid
voltage stability through active and reactive power regulation of EV charging stations. The specific
research conclusions are as follows:

e The proposed four-level coordinated voltage control optimization strategy improves the voltage
control effect of the distribution network. The strategy effectively reduces the operating loss of
the distribution network and significantly reduces the voltage deviation, thus improving the
overall operating efficiency and stability of the grid.

e The adjustable capabilities of EVs in terms of active and reactive power are fully used, and
they are coordinately controlled with other voltage control means in the distribution network
(photovoltaic active-reactive power regulation, capacitor bank adjusting, and network reconfig-
uration) on multiple time scales. This integrated regulation and control approach maximizes the
potential of multiple types of voltage control resources in the distribution network, achieving
efficient use of resources and complementary advantages.

e In solving the optimization problem with multi stages and multi-decision variables, the
improved Drosophila optimization algorithm is adopted in this study. By comparing with the
traditional particle swarm algorithm, the results show that the improved fruit fly optimization
algorithm has a stronger ability to find the optimum in solving the multi-level voltage
coordination optimization problem. This advantage makes the algorithm better able to cope
with complex grid voltage control optimization problems and provides a powerful tool to
support the formulation of voltage control strategies for distribution networks.

In summary, by proposing a four-level coordinated voltage control optimization strategy and
making full use of multiple types of voltage control resources such as electric vehicles, combined with
the improved fruit fly optimization algorithm, this paper effectively enhances the voltage control effect
of the distribution network, reduces the operation loss and voltage deviation, and provides strong
theoretical support and practical guidance for the optimal operation of the distribution network.

In the future, how to tap the user’s psychological affordability, how to optimize incentive value
for users to participate in the flexible regulation of the power grid needs to be further studied. We can
develop an incentive mechanism considering the various types of user uncertainty. This could involve
offering different types of incentives such as the financial reward, the discounts on electricity bills, and
the access to premium services.
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