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Abstract

As flexible and controllable resources, PV and wind power can provide effective cooper-
ative voltage support in renewable-rich distribution networks. This paper proposes a
multi-resource cooperative voltage support strategy based on an improved particle
swarm optimization (PSO) algorithm to coordinate heterogeneous controllable resources
for optimal reactive power allocation and enhanced voltage stability. The proposed PSO
integrates a sensitivity-matrix-guided initialization to improve feasibility and accelerate
early-stage convergence, together with an adaptive parameter adjustment mechanism to
enhance search efficiency and robustness. The method is validated on an IEEE 69-bus dis-
tribution network implemented in MATPOWER. Simulation results show that the pro-
posed strategy increases the voltage qualification rate from 86.96% to 100% and reduces
the average voltage deviation by 61.3%.

Keywords: voltage support; particle swarm optimization; reactive power allocation;
coordinated voltage control; distributed energy resources

1. Introduction

With the continuous development of renewable energy technologies, the generation
costs of various renewable energy sources such as photovoltaic (PV) and wind power have
rapidly decreased, which has significantly promoted the penetration of renewable energy
in power systems [1,2]. However, the large-scale integration of renewable energy has
brought considerable challenges to voltage stability of power systems. The power output
of renewable energy sources is highly affected by natural environmental conditions, ex-
hibiting pronounced randomness and intermittency, which may result in reactive power
imbalance and voltage violations [3-5].

Traditional reactive power support technologies mainly rely on conventional reac-
tive power compensation devices, such as on-load tap-changing transformers, shunt ca-
pacitors, shunt reactors, static var compensators (SVCs), and static synchronous compen-
sators (STATCOMs), to regulate system voltage [6]. In practical applications, fixed-value
control, stepwise control, and time-based control strategies are commonly adopted to
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maintain voltage stability of the power grid. Although these methods feature simple con-
trol structures and mature engineering implementation, their response speed is relatively
slow, and both the regulation range and accuracy are limited, making them inadequate
for coping with the rapid voltage fluctuations caused by renewable energy integration.

Compared with conventional voltage support schemes based on dedicated reactive
power compensation devices, renewable energy sources are capable of operating not only
in maximum power point tracking (MPPT) mode but also as power-controllable flexible
resources [7], which provides new possibilities for supporting stable operation of power
grids. The development and application of renewable energy grid-connected systems
based on virtual synchronous generator (VSG) technology serve as a representative exam-
ple of this approach [8,9]. However, such voltage control strategies are typically imple-
mented using a single type of renewable energy generation unit, whose regulation capa-
bility is inherently limited and highly dependent on installation locations and environ-
mental conditions, thereby making it difficult to achieve globally optimal voltage support
at the system level [10,11].

To further enhance voltage support in power grids with high renewable penetration,
a variety of optimization algorithm-based multi-resource coordinated voltage support
strategies have been proposed in recent years [12-17]. With the rapid advancement of ar-
tificial intelligence, data-driven approaches such as deep learning (DL) and reinforcement
learning (RL) have attracted growing attention in power system optimization. Wu and Liu
developed a DL-based fast generation method for multi-objective reactive power optimi-
zation, achieving a 7.7% reduction in line losses and a 0.38% reduction in voltage deviation
on the IEEE 33-bus system [12]. Shen et al. proposed a reactive power optimization
method that combines EV charging load forecasting with a DDQN framework on the IEEE
33-bus system; this method reduced the average network loss from 0.3799 MW to 0.1696
MW and achieved a voltage-deviation improvement rate of 67.81% [13]. However, these
methods typically depend on large historical datasets and entail high training costs. Con-
sequently, frequent retraining is often required as network operating conditions and
model parameters vary over time, which limits their direct deployment in practical distri-
bution networks. In parallel, emerging bio-inspired intelligent algorithms have also re-
ceived increasing research interest. Kamel et al. applied multi-objective whale optimiza-
tion algorithms (WOA) to distributed generation planning on the IEEE 33- and 69-bus
systems. For the IEEE 33-bus case, active power loss decreased from 202.67 kW to 76.72
kW, while voltage deviation was reduced from 0.1171 p.u. to 0.0045 p.u. [14]. Alabi et al.
applied WOA to the Nigerian Malali 34-bus distribution network, reducing active power
loss from 111.6 kW to 26.13 kW, representing a 76.91% reduction, and increasing the min-
imum bus voltage from 0.95 p.u. to 0.98 p.u. [15]. Nevertheless, WOA still faces challenges
in balancing global exploration and local exploitation, handling high-dimensional discrete
decision variables, and achieving high computational efficiency. Classical evolutionary
algorithms such as genetic algorithms (GA) have also been widely investigated. Barrera
et al. employed GA for the optimal sizing and siting of capacitor banks in the IEEE 33-bus
distribution network for reactive power compensation, increasing the minimum bus volt-
age from 0.929 p.u. to 0.939 p.u. while reducing active power losses by approximately 25%
[16]. However, slow convergence and sensitivity to parameter settings often prevent GA
from meeting the real-time requirements of fast voltage support. In contrast, particle
swarm optimization (PSO), owing to its fast convergence and relatively few tuning pa-
rameters, has become one of the most widely used benchmark algorithms in the IEEE
power systems literature. For example, Asabere et al. employed PSO to determine the
placement and sizing of reactive power compensation devices in a distribution network,
increasing the minimum bus voltage from 0.817 p.u. to 0.95 p.u. and reducing active
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power losses by 58.7% [17], thereby demonstrating the effectiveness of PSO for voltage
support and loss minimization.

However, practical deployment remains challenging due to the heterogeneity, scale,
and coupling of controllable resources in modern distribution systems [18]. This leads to
a high-dimensional and nonconvex reactive power allocation problem that typically in-
volves both continuous and discrete control variables, making fast and reliable system-
wide regulation difficult, particularly under renewable generation uncertainty [19,20]. In
addition, existing optimization-algorithm-based voltage support schemes still face the prob-
lems of inconsistent solution quality due to random initialization and a lack of adaptive pa-
rameter adjustment capability, which limits their application in rapid voltage support [21].

Motivated by these issues, this paper proposes a multi-resource cooperative voltage
support strategy based on an improved PSO algorithm. A sensitivity-matrix-guided ini-
tialization strategy is developed to improve feasibility and accelerate early-stage conver-
gence, and an adaptive parameter adjustment mechanism is introduced to enhance search
efficiency and robustness. The proposed method enables efficient reactive power alloca-
tion among multiple resources, reduces system losses, and improves nodal voltage pro-
files in renewable-rich power grids.

The remainder of this paper is organized as follows: Section 2 presents the optimiza-
tion model, Section 3 describes the improved PSO algorithm, Section 4 provides simula-
tion results, and Section 5 concludes the paper.

2. Reactive Power Optimization Model of Distribution Networks with
Multi-Type Controllable Resources

To achieve cooperative voltage support in distribution networks with the participa-
tion of multi-type controllable resources, it is necessary to first establish a reactive power
optimization model that considers operational constraints and optimization objectives,
which serves as the basis for subsequent solution using optimization algorithms.

The operational constraints ensure that power flow balance, node voltage limits, and
reactive power capacity limits are satisfied, while the optimization objective is to minimize
voltage deviations and network losses through optimal reactive power allocation among
multiple controllable resources. Mathematically, the reactive power optimization objec-
tive can be formulated as:

F(Q) = fuw + W foo + Wifis )

where Q represents the decision variable vector, F(Q) is the comprehensive fitness func-
tion; fieas denotes the voltage feasibility penalty term; faev represents the voltage deviation
sub-objective; fiss denotes the network loss sub-objective; w» and wiare the weighting co-
efficients for voltage deviation and network loss, respectively.

2.1. Operational Constraints and Power Flow Equations

In the constructed reactive power optimization model, system operation must satisfy
power flow balance relationships as well as operational constraints on node voltages and
controllable resource outputs.

1. Power Flow Balance Constraints

According to [22], the steady-state operation of a distribution network must satisfy
nodal power balance conditions. The apparent power balance at node i can be expressed as:

5 =P+jQ= ‘/11; @)

where Si, Pi, and Qi denote the apparent power, active power, and reactive power at node
i, respectively; and ¥, and /I, represent the voltage and current phasors at node i.

i
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This equation establishes the fundamental relationship between power flow and elec-
trical quantities at each node based on the principle of energy conservation. The apparent
power Siis expressed as the product of the voltage phasor and the conjugate of the current
phasor, which can be decomposed into the active power Pi representing the real power
transfer and the reactive power Qi representing the power oscillation between inductive
and capacitive elements. This formulation serves as the basis for deriving the detailed
power flow equations in the subsequent analysis.

Based on this, nodal active and reactive power balance equations are introduced to
characterize the nonlinear relationship between nodal power injections and network volt-
age states according to [23], which can be expressed as:

P, =V, > V/(G,cos6,+B;sinb,)

jeN ! (3)

Q= Vij;Vj(Gij sing,— B,cos 6, ) )

where Gjj and Bjj are the real and imaginary parts of the elements of the nodal admittance
matrix, respectively; 0i denotes the voltage phase angle difference between node i and
node j; N represents the set of system nodes.

These equations represent the standard AC power flow equations that govern the
steady-state behavior of the distribution network. The active power Pi and reactive power
Qi at each node are determined by the summation of power flows from all connected
nodes, which depend on voltage magnitudes, phase angle differences, and network ad-
mittance parameters. The nonlinear nature of these equations arises from the trigonomet-
ric functions and voltage magnitude multiplications, ensuring that power injections from
controllable resources are balanced with power flows through network branches.

2. Node Voltage Constraints

To satisfy power quality standards and ensure safe operation of electrical equipment,
the voltage magnitude at each node must be constrained within an allowable range, which
can be expressed as:

vV,  <V.<V

i,min i,max’

ieN (5)

where Vimin and Vimax denote the minimum and maximum allowable voltage magnitudes
at node i, respectively.

This constraint ensures that all nodal voltages remain within the permissible operat-
ing range to prevent equipment damage and maintain power quality.

3. Reactive Power Capacity Constraints
The reactive power output capability of controllable reactive power resources is lim-

ited by their physical capacities. To prevent equipment overloading, the reactive power
output must satisfy the following constraint:

Qi,min < QG,i S Qi,max’ ieR (6)

where Qg denotes the reactive power output of the controllable resource at node i; Qimin and
Qimax represent the lower and upper limits of reactive power output of the resource, respec-
tively; R denotes the set of nodes equipped with controllable reactive power resources.

This constraint ensures that each controllable resource operates within its rated ca-
pacity limits, preventing equipment damage and ensuring safe operation.
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2.2. Multi-Objective Optimization Function

Under the above constraints, a multi-objective fitness function that simultaneously
considers voltage quality and network losses is constructed. The fitness function consists
of a voltage feasibility penalty term, a voltage deviation term, and a network loss term,
which together guide the particle swarm search.

First, a voltage feasibility sub-objective function is introduced to quantify the degree
to which nodal voltages deviate from the acceptable range, which can be expressed as:

O(V) = Y- (max(0,V,,~ V) +max(0, V-V, )*)
ieN (7)
frre =107 +10" (V)

where Vi denotes the actual voltage at node i. When Vi exceeds the allowable limits, a
quadratic penalty is imposed on the violation magnitude to ensure voltage feasibility with
higher priority.

Based on the voltage feasibility requirement, a voltage deviation sub-objective func-
tion is further introduced to characterize the deviation of the overall system voltage level
from the reference voltage, which can be expressed as:

d=max(0,V ~V,)+k . max(0,V, -V )

over T

oo™ %;; di ®
where Vit denotes the reference voltage; kover represents the weighting coefficient for over-
voltage deviation. Considering the adverse impact of overvoltage operation on equipment
safety, a higher weight is assigned to overvoltage deviation in the objective function.

If voltage deviation alone is adopted as the optimization objective, excessive reactive
power regulation may occur, which can increase line currents and consequently aggravate
active power losses in the network. To achieve coordinated optimization between voltage
quality and operational efficiency, a network loss sub-objective function is introduced,
which can be expressed as:

£

on

floss= Z(Psend,/_ Precv,/ ) (9)

=1

where eon denotes the set of effective branches considered in the loss calculation; Psends and
Precv¢ represent the active power at the sending and receiving ends of branch ¢, respectively.

3. Reactive Power Optimization Solution Method Based on
Improved PSO

In view of the nonlinear, high-dimensional, and strongly constrained characteristics
of the above reactive power optimization model, an improved solution method based on
PSO is designed.

3.1. Principle of the Standard PSO Algorithm

PSO is a population-based swarm intelligence method that searches for an optimal
solution by iteratively updating particle positions in the solution space. In this study, each
particle represents a candidate solution for reactive power optimization, and its position
vector collects the reactive power decision variables of controllable resources.

The search process of PSO is realized through iterative updates of particle positions
and velocities, and the standard update equations are given as follows:

U 1= OO0, F 01 (pbest,i,t_ xm) + CZTZ(gbest,t_ xi,f) (10)
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Xipd =X T4 (11)

where vit and vir1 denote the velocity vectors of particle i at iterations ¢ and f + 1, respec-
tively; xit and xit1 denote the position vectors of particle 7 at iterations ¢ and t + 1, respec-
tively; w represents the inertia weight; c1 and c2 denote the cognitive learning factor and
social learning factor, respectively; 1 and r2 are random numbers uniformly distributed
in the interval [0, 1]; and poestit and grest: represent the personal best position of particle i
and the global best position of the swarm, respectively.

Particle positions represent candidate solutions, while velocities control the search
direction and step size. At each iteration, particles update their velocities and positions
based on the personal best and global best solutions, and the fitness function is evaluated
to update these best values. This iterative process continues until convergence to an opti-
mal or near-optimal solution.

3.2. Design of the Improved PSO Algorithm

The standard PSO algorithm tends to suffer from premature convergence and local
optimality in high-dimensional, highly constrained, and multi-modal optimization prob-
lems. To address the characteristics of high-dimensional decision variables and nonlinear
constraints in the reactive power optimization of multi-type controllable resources, this
paper improves the PSO algorithm in four aspects —initialization, parameter adaptation,
diversity maintenance, and constraint handling with boundary repair —to enhance global
search capability and convergence stability.

3.2.1. Sensitivity-Matrix-Guided Initialization Strategy

The standard PSO algorithm typically uses a uniform random method to initialize
particle positions and velocities. While simple to implement, this approach can lead to
particle concentration in local regions in high-dimensional or multi-modal problems,
thereby reducing the coverage ability of the initial population in the solution space and
increasing the risk of the algorithm falling into local optima.

Therefore, to enhance the targeting of the initialization phase, this paper introduces a
sensitivity-matrix-guided initialization method. First, a reference point, x*, is selected, and the
system response is linearized within its neighborhood to obtain the sensitivity matrix:

G v

OX| _ wt (12)

where x represents the decision variable vector to be optimized; y represents the response
vector related to the optimization objective; and S is the sensitivity matrix.

Since the analytical expression for sensitivity is difficult to solve directly, the finite
difference method is used to approximate the sensitivity calculation:

- yk(xref +5ed)_yk(xref)

S
kd 5

(13)

where Sk represents the sensitivity of the k-th response to the d-th decision variable; 6 is
the perturbation step size; es is the unit vector in the d-th dimension.

To characterize the relative impact of different decision variables on system re-
sponses, this paper defines the comprehensive sensitivity index as the 2-norm of the cor-
responding column vector of the sensitivity matrix for each decision variable:

Sa =||Sd||2 (14)

where S is the sensitivity vector of the d-th decision variable to all system responses.
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Based on this, a normalized weighting coefficient is introduced:

- S

% =Co (15)
> s+e

j=1"]
where au is the weight coefficient for the d-th decision variable; ¢ is a small positive num-
ber to prevent division by zero. A larger a. indicates that the variable has a more significant
impact on the key response and thus should receive more perturbation during initialization.

Conversely, a smaller a indicates less disturbance to reduce ineffective exploration.

Based on this weighting mechanism, the initial position of each particle is generated by
perturbing the reference point neighborhood according to the sensitivity-weighted disturbance:

x), = clip(x;* +na, (U, ~L,)E,, L, U, ) (16)

where x, is the initial position of particle i in the d-th dimension; and L« and Us are the

lower and upper bounds of the d-th variable. 7 is the global disturbance coefficient within
the range (0, 1] used to control the overall dispersion of the initial population. The value
of 1 directly affects the balance between exploration and exploitation in the initialization
phase. When 1) is adjacent to 0, the initial particles are highly concentrated around the
reference point x™ with minimal diversity, which enables rapid convergence if x™f is near the
optimal solution but increases the risk of being trapped in local optima. Conversely, when 1
is adjacent to 1, the particles are distributed across the entire feasible domain with maximum
dispersion, equivalent to traditional random initialization, which provides strong global ex-
ploration capability but may result in slower convergence. In this study, an intermediate value
between 0 and 1 is selected to achieve a balance between leveraging sensitivity information
and maintaining sufficient population diversity. clip(-) is the boundary clipping operator
to ensure that the particle remains within the variable bounds.

This initialization strategy enhances the search efficiency in the early stages by main-
taining diversity while strengthening the disturbance of key variables.

3.2.2. Time-Varying Adjustment Mechanism for Inertia Weight and Learning Factors

To balance global exploration and local convergence performance during the search
process, this paper introduces a time-varying adjustment mechanism for the inertia
weight w and the learning factors c12.

The inertia weight w follows a nonlinear decay strategy:

ot)y=o_ +(o —a)mm)(l—(t/T)a) (17)
where t is the current iteration number; T is the maximum number of iterations; wmin and
wmax are the lower and upper bounds of the inertia weight; and « is the nonlinear decay
coefficient.

The parameters wmin, wmax, and a play crucial roles in controlling the search behavior
of particles. The upper bound wmax determines the initial exploration capability: a larger
wmax allows particles to maintain higher velocities and explore a wider search space but
may lead to overshooting and oscillation around optimal solutions, while a smaller wmax
reduces exploration ability and may cause premature convergence. The lower bound wmin
controls the final exploitation intensity: a larger wmin maintains stronger global search ca-
pability in later iterations but weakens local refinement, whereas a smaller wmin enhances
convergence precision but may reduce the ability to escape from local optima. The non-
linear decay coefficient a adjusts the transition speed from exploration to exploitation: a
larger a results in rapid decay of inertia weight and early convergence, while a smaller a
maintains exploration capability for more iterations at the cost of slower convergence. In
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this study, appropriate intermediate values are selected to balance global exploration in
early iterations and local exploitation in later iterations.

This strategy maintains a larger inertia weight in the early stages of iteration to facil-
itate a broader search range. As the iterations progress, the inertia weight gradually de-
creases to enhance the particle’s convergence ability near the optimal region.

At the same time, the individual learning factor c1 and the social learning factor c2
follow a linear scheduling approach:

¢ (t)= €l max (Cl,max ~ €1 min ) t/T

18)
CZ (t) = CZ,mir\ _<C2,max _C2,min )t/T (

where cimin and c1,max are the lower and upper bounds of the individual learning factor, respec-
tively; and c2min and c2max are the lower and upper bounds of the social learning factor.

These learning factor bounds determine the balance between individual cognition
and social cooperation. A larger c1strengthens the particle’s reliance on its own experience,
promoting independent exploration, while a smaller c: increases dependence on swarm
information. Conversely, a larger c2 enhances attraction toward the global best position,
accelerating convergence but risking premature convergence, while a smaller c2reduces
swarm cooperation and may slow convergence. In this study, appropriate bounds are se-
lected to ensure a smooth transition from individual-oriented exploration to swarm-based
exploitation throughout the optimization process.

This parameter adjustment method allows particles to rely more on individual ex-
ploration in the early stages of the search, while gradually enhancing the cooperative ef-
fect of the swarm in later stages, thus ensuring a smooth transition in the search strategy.

3.2.3. Maintaining Swarm Diversity

During the iteration process of the particle swarm, as particles gradually converge
toward the optimal solution region, the diversity of the swarm may significantly decrease,
which can lead to the algorithm stagnating at a local optimum. To address this issue, a
random disturbance mechanism is introduced during the algorithm’s iterations.

If the fitness improvement of gvest Over T consecutive generations is smaller than a
threshold Af, Gaussian disturbance is applied to the positions of some particles:

x, < x, + N(0,6%) (19)

where N(0, 02) denotes a Gaussian random disturbance with mean 0 and variance 02 ¢
represents the disturbance strength.

The disturbance strength o decays gradually as the iterations progress to prevent ex-
cessive disturbance in later stages:

o(t)=0,(1-t/T) (20)

where 00 is the initial disturbance strength.

This mechanism effectively enhances the search diversity in the early stages of the
algorithm while gradually reducing the disturbance amplitude in the later stages to avoid
overly affecting the convergence process of the algorithm.

3.2.4. Constraint Handling and Boundary Repair Mechanism

During particle updates, the velocity and position may exceed the allowable range,
leading to invalid fitness or oscillations. Therefore, this paper introduces constraint han-
dling for both the velocity and position of the particles.

First, a velocity limiting strategy is applied to the particles:
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VI = g(U, L)
o' —Chp( t+1 _Vmax Vmax)

ld zd 4

21

where « is the velocity limiting coefficient, which follows a uniform distribution in the
range (0, 1]; V™" is the maximum allowed velocity for the d-th dimension.

Next, a boundary repair strategy is applied to the particle positions. When a particle’s
position exceeds the allowed range, it is clipped to the allowable limits to reduce the ten-
dency of continuous boundary violations:

xit=dlip(xy', L, U,), xt e[L,,U,] (22)

id 77d’

Through the above constraint and boundary handling strategies, the particle search
process is effectively ensured to stay within the feasible region, improving the stability
and robustness of the algorithm under complex constraint conditions.

The flowchart of the improved PSO algorithm is shown in Figure 1, where the dashed
boxes indicate the improvement mechanisms introduced compared with the standard PSO.

| Improved Initialization Module :

_______ el

| Generate elite + random swarm |

Figure 1. Flowchart of the proposed improved PSO algorithm.

4. Simulation and Results Analysis

To verify the effectiveness and applicability of the proposed multi-resource coopera-
tive voltage support control strategy based on the improved particle swarm optimization
algorithm, simulation studies are carried out on the MATPOWER platform using two
IEEE standard distribution network test systems of different scales, namely the IEEE 33-
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bus and IEEE 69-bus networks. In the case studies, four types of controllable resources are
integrated, including wind power, photovoltaic generation, energy storage systems, and
voltage source converter-based high-voltage direct current (VSC-HVDC) transmission
systems, thereby forming a multi-resource cooperative voltage support scenario.

To ensure a clear and progressive validation procedure, a two-stage evaluation
framework is adopted: the proposed method is first tested on the smaller benchmark sys-
tem to confirm its basic feasibility and effectiveness, and then further assessed on the
larger system to provide a more rigorous evaluation, together with in-depth performance
analysis and mechanism investigation.

4.1. IEEE 33-Bus Distribution Network Case Study

To begin with, the IEEE 33-bus distribution network is adopted as the test system,
with a base voltage of 12.66 kV and a base power of 100 MVA. The network consists of 33
buses and 32 branches. The system topology and the installation locations of different
controllable resources are shown in Figure 2.

9 20 21 22 e Wind Power System e Energy Storage System
Photovoltaic System e VSC-HVDC System
I 2 3 4 5 6 7 %8 9 10 11 12 13 14 15 16 17 18

23

26 27 28 29 30 31 32 33

24 25

Figure 2. IEEE 33-bus system with the locations of four types of controllable resources. The num-

bered nodes 1-33 represent the buses of the distribution system.

To reflect practical operating conditions of multi-resource coordinated control, all
controllable resources except the energy storage system are operated with fixed active
power outputs. The relevant parameters are listed in Table 1.

Table 1. Active power settings and reactive power capability of controllable resources for the IEEE

33-bus system.

Resource Type Active Power per Rated Capacity Reactive Power

Unit P (MW) S (MVA) Range Q (Mvar)
Wind power system 0.15 1.0 [-0.989, 0.989]
PV system 0.12 0.6 [-0.589, 0.589]
Energy storage system 0 1.2 [-1.200, 1.200]
VSC-HVDC system 0.15 1.0 [-0.989, 0.989]

The main parameter settings of the improved PSO algorithm used in the simulations

are given in Table 2.

Table 2. Main parameter settings of the improved PSO algorithm for the IEEE 33-bus system.

Parameter Name

Parameter Value

Number of particles
Maximum iteration number

Inertia weight w

Learning factors (ci, c2)

80
80
09—04
(adaptive decrease)
(2.0, 2.0)
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Based on the above simulation setup, Figure 3 illustrates the bus voltage distribution
under three scenarios: the no-control base case, the standard PSO algorithm, and the im-
proved PSO algorithm. The results indicate that both optimization algorithms can im-
prove the voltage distribution of the system to different extents, bringing the bus voltages
back into the permissible operating range.

—o— No-Control ---B--- Standard PSO —@— Improved PSO

12.8

Reference Voltage 12.66kV

Lower Limit Voltage 12.03kV

Voltage (kV)
o
T

11.8

11.6-

|
3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33
Bus Number

Figure 3. Comparison of voltage profiles under different optimization algorithms for the IEEE 33-

bus system. The numbers 1-33 denote the bus numbers.

Further comparison shows that, under the improved PSO algorithm, the voltage de-
viations of buses 6 to 16 are generally smaller. At the terminal section of the system,
namely buses 26 to 33, the voltage levels are also slightly higher than those obtained using
the standard PSO algorithm.

Overall, the improved PSO algorithm achieves a more uniform voltage distribution
on the IEEE 33-bus system, indicating its effectiveness in reducing voltage deviations.
These results provide a preliminary validation of the proposed strategy. To further assess
its performance and underlying optimization behavior under a larger scale and more com-
plex topology, the study is extended to the IEEE 69-bus test system in Section 4.2.

4.2. IEEE 69-Bus Distribution Network Case Study

To further verify the proposed multi-resource cooperative voltage support control
strategy based on the improved PSO algorithm, a simulation model of the IEEE 69-bus
distribution network with multiple controllable resources is developed on the
MATPOWER platform.

For the IEEE 69-bus system, the base voltage is set to 12.66 kV, the base power is 100
MVA, and the network topology comprises 69 buses interconnected by 68 branches.

Similarly, the IEEE 69-bus test system incorporates four types of controllable re-
sources to form a multi-resource cooperative voltage support scenario. The deployment
of these resources is shown in Figure 4.
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¢ Wind Power System » Energy Storage System
Photovoltaic System * VSC-HVDC System
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Figure 4. IEEE 69-bus system with the locations of four types of controllable resources. The numbers

1-69 denote the bus numbers.

To reflect practical operating conditions of multi-resource coordinated control, all
controllable resources except the energy storage system are operated with fixed active
power outputs. The relevant parameters are listed in Table 3.

Table 3. Active power settings and reactive power capability of controllable resources for the IEEE

69-bus system.

Resource Type Active Power per Rated Capacity Reactive Power

Unit P (MW) S (MVA) Range Q (Mvar)
Wind power system 0.06 0.5 [-0.498, 0.498]
PV system 0.05 0.4 [-0.397, 0.397]
Energy storage system 0 0.8 [-0.800, 0.800]
VSC-HVDC system 0.05 0.5 [-0.498, 0.498]

The main parameter settings of the improved PSO algorithm used in the simulations
are given in Table 4.

Table 4. Main parameter settings of the improved PSO algorithm for the IEEE 69-bus system.

Parameter Name Parameter Value
Number of particles 80
Maximum iteration number 80
. . 09—04
Inertia weight @ .
(adaptive decrease)
Learning factors (c1, c2) (2.0, 2.0)

4.2.1. Analysis of Bus Voltage Distribution Characteristics

Figure 5 illustrates the bus voltage distribution under four scenarios: the no-control
base case, the genetic algorithm, the standard PSO algorithm, and the improved PSO al-
gorithm. The results indicate that all three optimization algorithms can improve the volt-
age distribution of the system to different extents, bringing the bus voltages back into the
permissible operating range.
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Figure 5. Comparison of voltage profiles under different optimization algorithms for the IEEE 69-

bus system.

Quantitative analysis of the no-control base case reveals that the most critical voltage
drop occurs at bus 65, where the voltage magnitude reaches a minimum of 0.9135 p.u. In
the weak bus region spanning from bus 57 to bus 65, a significant voltage deterioration of
2.95 percentage points is observed, with voltages declining from 0.9430 p.u. to 0.9135 p.u.

Upon application of the three optimization algorithms, differentiated performance
improvements are achieved. The genetic algorithm elevates the voltage at bus 65 to 0.9627
p-u., yielding an improvement of 4.92 percentage points over the base case. The standard
PSO algorithm demonstrates enhanced performance, raising the voltage at bus 65 to
0.9658 p.u., which corresponds to a 5.23 percentage point improvement. The improved
PSO algorithm exhibits superior voltage regulation capability, particularly in the weak
bus region. At bus 57, the improved PSO attains a voltage level of 0.9793 p.u., surpassing
the standard PSO by 0.55 percentage points. Similarly, at bus 61, the improved PSO
achieves 0.9650 p.u., representing a 0.33 percentage point enhancement compared to the
standard PSO.

In terms of voltage profile uniformity, the improved PSO algorithm demonstrates
notable advantages. Within the main feeder section from bus 10 to bus 20, the improved
PSO maintains voltage variations within a narrow range of 0.25 percentage points,
whereas the standard PSO exhibits variations of 0.36 percentage points and the genetic algo-
rithm shows fluctuations of 0.85 percentage points. This indicates that the improved PSO
achieves more balanced reactive power allocation among multiple controllable resources.

Overall, the improved PSO algorithm exhibits superior comprehensive performance
in terms of voltage distribution uniformity, voltage level enhancement, and voltage secu-
rity margin improvement across the entire IEEE 69-bus distribution network.

4.2.2. Comparison of Comprehensive Voltage Performance Indices

To further evaluate system performance from multiple operational perspectives, Ta-
ble 3 summarizes several indices under the four operating scenarios, including average
voltage deviation, maximum voltage deviation, voltage standard deviation, voltage qual-
ification rate, and network losses.

As shown in Table 5, compared with the no-control base case, the genetic algorithm
reduces the average voltage deviation from 0.0248 to 0.0145, corresponding to a reduction
of 41.5%, and increases the voltage qualification rate from 86.96% to 100%. The standard
PSO algorithm demonstrates further improvement, reducing the average voltage devia-
tion to 0.0117, which represents a 52.8% reduction relative to the base case. On this basis,
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the improved PSO algorithm achieves the lowest average voltage deviation of 0.0096, rep-
resenting an additional reduction of 17.9% compared with the standard PSO and a total
reduction of 61.3% relative to the base case.

Table 5. Comprehensive performance comparison under different optimization algorithms.

Avg. Volt. Max. Volt.  Volt. Standard Volt. Qualifica- Network

Scenario Deviation Deviation Deviation tion Rate (%) Losses (KW)
(p-u.) (p.u.) (p-u.)

No-control 0.0248 0.0865 0.02566 86.96 213.15
GA 0.0145 0.0358 0.01306 100.00 277.30
PSO 0.0117 0.0367 0.01051 100.00 265.25
IPSO 0.0096 0.0350 0.01005 100.00 249.59

In terms of maximum voltage deviation, the improved PSO algorithm attains a value
of 0.0350, which is 4.6% lower than the standard PSO value of 0.0367 and 2.2% lower than
the GA value of 0.0358. For voltage standard deviation, the improved PSO achieves
0.01005, representing reductions of 4.4% compared with the standard PSO and 23.0% com-
pared with GA. These results indicate that the improved PSO algorithm provides superior
suppression of overall voltage fluctuations.

Regarding network losses, an interesting trade-off is observed. All three optimization
algorithms result in increased network losses compared to the base case of 213.15 kW. The
GA achieves 277.30 kW, the standard PSO exhibits 265.25 kW, and the improved PSO
achieves 249.59 kW. Notably, the improved PSO demonstrates the smallest increase
among the three algorithms and achieves a 5.9% reduction compared with the standard
PSO, demonstrating better coordination between voltage quality and economic efficiency.
This phenomenon occurs because the PSO-based algorithms prioritize voltage quality ob-
jectives through more aggressive reactive power compensation, which inevitably in-
creases line currents and associated losses. Nevertheless, the voltage security margins
achieved by these algorithms justify the modest increase in operational costs.

Overall, the improved PSO algorithm achieves a well-balanced trade-off between
voltage performance and economic efficiency, delivering the best voltage quality indices
while maintaining network losses at an acceptable level.

4.2.3. Voltage Improvement Analysis at Typical Weak Buses

Voltage problems in distribution networks are typically concentrated at a small number
of weak buses. To analyze the regulation effect of the improved PSO algorithm on low-
voltage buses, five buses with the lowest voltages in the no-control base case, namely
buses 57, 58, 61, 62, and 63, are selected for comparative analysis. The results are shown
in Figure 6 and Table 6.
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Figure 6. Voltage improvement comparison of typical weak nodes under different optimization al-

gorithms.

Table 6. Quantitative comparison of voltage improvement at typical weak nodes under different

optimization algorithms.

Bus No. No-Control GA (p.u) Standard PSO  Improved PSO
(p.u.) (p.u.) (p.u.)
57 0.9430 0.9771 0.9763 0.9792
58 0.9324 0.9722 0.9707 0.9738
61 0.9164 0.9642 0.9633 0.9650
62 0.9161 0.9645 0.9636 0.9652
63 0.9158 0.9647 0.9639 0.9652
Average 0.9247 0.9685 0.9676 0.9697

In the no-control base case, the voltages of these buses are concentrated in the range
of 0.916 to 0.943 p.u., among which bus 63 has the lowest voltage of 0.9158 p.u., falling
below the acceptable voltage limit. After applying the genetic algorithm, the voltages of
all weak buses are significantly improved, with the average voltage increasing from 0.9247
p-u. to 0.9685 p.u., representing an improvement of 4.74%. The standard PSO algorithm
achieves a similar performance, elevating the average voltage to 0.9676 p.u., correspond-
ing to a 4.64% improvement over the base case.

On this basis, the improved PSO algorithm further enhances the voltage levels of all
weak buses. As shown in Table 6, the improved PSO achieves an average voltage of 0.9697
p-u., representing a total improvement of 4.87% relative to the base case and an ad ditional
improvement of 0.22% compared with the standard PSO. At the most critical bus 63, the
voltage increases from 11.594 kV in the base case to 12.220 kV under the improved PSO,
corresponding to an improvement of 5.39%. Notably, at bus 57, the improved PSO attains
0.9792 p.u., which is 0.29 percentage points higher than the standard PSO, demonstrating
the most significant improvement among all selected weak buses.

In summary, the simulation results demonstrate that, under conditions of multi-re-
source integration, the proposed improved PSO algorithm can effectively improve the
voltage distribution characteristics of the distribution network. Compared with the stand-
ard PSO algorithm, the improved PSO algorithm exhibits superior comprehensive perfor-
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mance in overall voltage deviation control and voltage regulation at weak buses. In addi-
tion, the improved PSO shows faster convergence behavior and requires fewer iterations
to reach a stable solution, further validating its applicability in multi-resource reactive
power coordinated optimization scenarios.

4.2.4. Convergence Characteristics Analysis of the Optimization Algorithms

Figure 5 illustrates the convergence behaviors of the standard PSO algorithm and the
proposed improved PSO algorithm in terms of average voltage deviation during the iter-
ative optimization process.

As illustrated in Figure 7, the improved PSO algorithm achieves a lower initial aver-
age voltage deviation at the early stage of the iteration process and exhibits a faster de-
creasing trend compared with the standard PSO. Moreover, the convergence curve of the
improved PSO stabilizes within a smaller number of iterations, indicating that a high-
quality solution can be obtained with reduced computational effort.

—— Standard PSO
—— Improved PSO

)

o
2
Wi

(p.u.

0.014

iation

0.013

0.012

0.0111-

0.010F-

Average voltage dev

0.009+-

10 20 30 4‘0 50 60 70 80
Iterations

Figure 7. Convergence comparison of average voltage deviation between the standard PSO and the
improved PSO algorithms.

This behavior can be attributed to two main factors. On the one hand, the sensitivity-
matrix-guided initialization strategy enhances the quality of the initial population,
thereby narrowing the effective search region and providing a more favorable starting
point for subsequent optimization. On the other hand, the adaptive parameter scheduling
mechanism facilitates a smooth transition from global exploration to local exploitation,
promoting stable convergence toward the global optimum in the later stages of the itera-
tion process.

4.2.5. Evolution of Sub-Objective Function Values During Iterations

To further illustrate the internal optimization mechanism of the improved PSO algo-
rithm, Figure 8 presents the evolution of two representative sub-objective functions dur-
ing the iterative process, namely the voltage deviation objective Jv and the network loss
objective Jl. These two objectives are selected as they effectively characterize the algo-
rithm’s capability in balancing voltage quality improvement and operational efficiency.
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Figure 8. Evolution of sub-objective function values during the iterative optimization process.

As shown in Figure 8, the two sub-objective functions exhibit distinct evolution pat-
terns that reveal the multi-objective optimization characteristics of the improved PSO al-
gorithm. The voltage deviation objective Jv demonstrates a rapid decrease from an initial
value of 0.9472 to approximately 0.10 within the first 20 iterations, indicating effective
voltage quality improvement in the early stage. Subsequently, Jv continues to decline
gradually and stabilizes at a final value of 0.0634 after 180 iterations, representing a total
reduction of 93.3% compared to the initial value.

In contrast, the network loss objective ]I exhibits more pronounced fluctuations
throughout the optimization process, with values oscillating between 0.5 and 0.9 during
the early and middle stages. This fluctuation pattern reflects the inherent trade-off be-
tween voltage quality enhancement and loss minimization, as aggressive reactive power
compensation for voltage support inevitably increases line currents and associated losses.
As the iteration progresses, JI gradually converges to a stable value of approximately 0.55,
demonstrating that the algorithm successfully achieves a balanced compromise between
the two competing objectives.

The contrasting evolution patterns of these two objectives provide valuable insights
into the optimization dynamics. The monotonic decreasing trend of Jv indicates consistent
progress toward voltage quality improvement, while the oscillatory behavior of J1 reveals
the algorithm’s exploration process in seeking the optimal trade-off point. These charac-
teristics validate the effectiveness of the improved PSO algorithm in coordinating multiple
optimization objectives and achieving superior overall performance.

5. Conclusions

This paper investigated cooperative voltage support in renewable-rich distribution
networks by coordinating heterogeneous controllable resources for optimal reactive
power allocation. An improved PSO algorithm was developed by combining sensitivity-
matrix-guided initialization with adaptive parameter adjustment to enhance feasibility
and accelerate convergence under voltage and reactive power constraints. The proposed
strategy was validated on an IEEE 69-bus distribution network in MATPOWER.

Simulation results confirm the effectiveness of the proposed approach. Compared
with the no-control case, it increases the voltage qualification rate from 86.96% to 100%
and reduces the average voltage deviation by 61.3%, from 0.0248 to 0.0096. The maximum
voltage deviation decreases from 0.0865 to 0.0350, and the voltage at the most critical bus
63 improves from 0.9158 p.u. to 0.9652 p.u. In terms of network losses, the proposed
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method achieves lower losses than standard PSO, decreasing them from 265.25 kW to
249.59 kW, indicating a better balance between voltage performance and economic effi-
ciency. Compared with representative optimization-based voltage regulation approaches
widely adopted in the literature, such as GA and standard PSO, the proposed method
achieves the best overall voltage-quality indices while mitigating the loss penalty, which
highlights its practical value for multi-resource coordinated voltage support in renewable-
rich distribution networks.

However, the current study is validated mainly on a steady-state IEEE 69-bus test
system under ideal measurement and communication assumptions, which limits its ap-
plicability to more complex real-world scenarios. Therefore, future work will extend the
method to larger-scale systems and time-series scenarios with uncertainty, incorporate
more practical device constraints and discrete actions, and investigate distributed or real-
time implementations considering communication delays and measurement errors.
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