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ABSTRACT: An optimized volt-ampere reactive (VAR) control framework is proposed for transmission-level power
systems to simultaneously mitigate voltage deviations and active-power losses through coordinated control of large-
scale wind/solar farms with shunt static var generators (SVGs). The model explicitly represents reactive-power
regulation characteristics of doubly-fed wind turbines and PV inverters under real-time meteorological conditions,
and quantifies SVG high-speed compensation capability, enabling seamless transition from localized VAR management
to a globally coordinated strategy. An enhanced adaptive gain-sharing knowledge optimizer (AGSK-SD) integrates
simulated annealing and diversity maintenance to autonomously tune voltage-control actions, renewable source
reactive-power set-points, and SVG output. The algorithm adaptively modulates knowledge factors and ratios across
search phases, performs SA-based fine-grained local exploitation, and periodically re-injects population diversity to
prevent premature convergence. Comprehensive tests on IEEE 9-bus and 39-bus systems demonstrate AGSK-SD’s
superiority over NSGA-II and MOPSO in hypervolume (HV), inverse generative distance (IGD), and spread metrics
while maintaining acceptable computational burden. The method reduces network losses from 2.7191 to 2.15 MW
(20.79% reduction) and from 15.1891 to 11.22 MW (26.16% reduction) in the 9-bus and 39-bus systems respectively.
Simultaneously, the cumulative voltage-deviation index decreases from 0.0277 to 3.42 × 10−4 p.u. (98.77% reduction)
in the 9-bus system, and from 0.0556 to 0.0107 p.u. (80.76% reduction) in the 39-bus system. These improvements
demonstrate significant suppression of line losses and voltage fluctuations. Comparative analysis with traditional
heuristic optimization algorithms confirms the superior performance of the proposed approach.

KEYWORDS: Gained-sharing knowledge improved algorithm; adaptive parameter adjustment; simulated annealing
local search algorithms; diversity enhancement mechanisms; wind and solar new energy; static var generator; reactive
power optimization

1 Introduction
Rapid economic growth and rising living standards have steadily increased electricity demand, which is

essential for social development [1–3]. However, environmental degradation and the deepening energy crisis
are accelerating the transition to renewable energy for cleaner power generation [4–7]. While large-scale
wind and solar technologies have strengthened supply capacity, they also introduce critical challenges [8].
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Their inherent variability creates uncertainty that threatens system stability [9,10]. Furthermore, their fluc-
tuating output reshapes traditional network topologies and redistributes power flows [11–13]. Consequently,
issues such as voltage deviations and increased losses have become more pronounced [14].

Reactive-power optimization for renewable-energy grid connection (REGC) has become a vibrant
research frontier [15–17]. Early work concentrated on single-objective optimization (SOO) that incorporated
wind or photovoltaic (PV) generation, seeking to cut operating costs, boost renewable utilization, and
curb voltage deviations, with tailored models developed accordingly [18–20]. Reference [21] introduces an
enhanced particle-swarm scheme to lower active-power losses and improve voltage profiles. Reference [22]
blends particle swarm optimization (PSO) with the pathfinder algorithm to dispatch reactive power with
the same loss-minimization goal. Reference [23] formulates a mixed-integer nonlinear program (MINLP) to
minimize voltage deviation, thereby stabilizing nodal voltages and enhancing overall performance. As renew-
able penetration deepens and system complexity grows, SOO has gradually given way to multi-objective
optimization (MOO) to better tackle the multifaceted demands of modern power-system operation.

Integrating wind and other renewables into reactive-power control creates a complex optimization
task. Like its conventional-grid counterpart, this task is nonlinear, non-convex, and entangled with discrete
variables. Reference [24] formulates a multi-objective model for distribution networks with large shares
of wind, solar, and electric vehicles (EV). This model seeks to cut losses and voltage deviations while also
enlarging the static voltage-stability margin. Adding compensators boosts stability, yet may marginally raise
losses and voltage excursions. Reference [25] applies multi-objective particle-swarm optimization (MOPSO)
to coordinate reactive power, aiming for both stability and cost minimization, but its effectiveness under
highly dynamic grid conditions remains limited. Reference [26] adopts mixed-integer convex programming
(MICP), relaxing line-current models and convexifying discrete variables; although accurate, the approach is
computationally heavy. Reference [27] merges genetic search with an interior-point routine (GIPA) to handle
wind-farm involvement, yet the heuristic algorithm (HA) risks local optima. Collectively, existing algorithms
struggle to adapt to fast-changing operating states and to fully harness renewable sources’ reactive capability,
while their computational efficiency still falls short of real-time needs.

To overcome the aforementioned problems, this work first constructs a comprehensive mathematical
model for grid reactive power optimization and regulation. This model incorporates wind farms, PV
power plants, and reactive power optimization devices. The problem is addressed using the adaptive gain
shared knowledge with simulated annealing (SA) and diversity maintenance (AGSK-SD). The AGSK-SD
optimization algorithm is a new and improved gain shared knowledge (GSK) algorithm, which effectively
improves both optimization accuracy and efficiency. It avoids convergence to local optima by adaptively
adjusting knowledge factors (KF) and knowledge ratios (KR), introducing simulated annealing and local
search mechanisms, and enhancing population deiversity. In this work, the optimization mechanisms are
described in detail, along with the specific design of the reactive power optimization framework. Next,
the effectiveness of a static var generator (SVG) is verified through simulation experiments. Finally, the
performance of the proposed method is further validated by introducing wind and solar energy into
the extended IEEE 9-bus and 39-bus standard systems, and conducting simulation tests and penetration
analysis using comparative algorithms. This study mainly focuses on reactive power optimization in the
transmission grid, solving the challenges brought by the integration of wind and solar power plants through
the transmission grid.

The main contributions of this work are as follows:

(1) This paper proposes a unified multi-objective optimization model that simultaneously incorporates the
real-time adjustable reactive-power margins of wind turbines, PV inverters, and SVGs.
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(2) The GSK framework introduces a dynamic control mechanism of “Adaptive KF +KR”: This mechanism
automatically adjusts the search step size according to the iteration stage, allowing the algorithm to
rapidly converge toward the optimal region in the early stage and refine local optima during the later
stage, thus improving the local search accuracy;

(3) Simulated annealing based fine search and diversity perturbation mechanisms are deeply coupled in
GSK: The annealing mechanism enables probabilistic escape from local optima, while the diversity
perturbation periodically re-expands the solution space. These two strategies operate synergistically to
simultaneously improve global convergence and the quality of the Pareto front in terms of uniformity
and diversity.

Although the optimization model extension of integrating SVG reactive power capability into renewable
dominant grid is considered for completeness, the main novelty lies in the algorithm improvement: the pro-
posed adaptive parameter adjustment, simulated annealing coupling, and diversity enhancement mechanism
are the theoretical breakthroughs of this paper.

2 Reactive Power Optimization Model of the Power Grid with SVG Considering Wind-Solar New
Energy Access

Reactive power models for wind and PV plants are central to any voltage–support strategy in renewable-
rich grids. The wind-based model schedules the farms’ reactive output to strengthen voltage stability, whereas
the PV-based model adjusts the plants’ reactive injection to enhance voltage quality. Coupled with SVGs,
these controls curb losses, raise transfer limits, and safeguard secure, cost-effective operation under high
renewable penetration. The optimization pursues minimal active-power loss and voltage deviation while
respecting operational limits: node-voltage bands, line-current ceilings, and the reactive range of wind and
PV units. Recent studies, such as reference [28], corroborate that centralized coordination of wind, PV and
SVG reactive resources can markedly elevate renewable-hosting capacity, further underscoring the necessity
of the integrated optimization framework proposed herein.

2.1 Reactive Power Regulation Model of PV Power System
During the operation of a PV power plant, its active power output level is mainly limited by the real-time

environmental conditions, especially the coupling effect of solar irradiance and ambient temperature. When
the power plant adopts an optimal control strategy based on maximum power point tracking (MPPT), its
theoretical active output can be accurately modeled by [29]

Ppv = Pbase
pv ( 1 + αpv ⋅ ( T − Tref ) ) ⋅

Lpv

1000
(1)

where Pbase
pv denotes the rated power of the PV plant; αpv is the power conversion coefficient, reflecting the

temperature characteristics of PV modules; T represents the real-time ambient air temperature at the PV
plant during calculation; Tref is the reference ambient air temperature used for power correction; Lpv is the
actual solar irradiance received by PV array at the time of calculation.

According to the operating characteristics of a PV power plant, the adjustable range of its reactive power
output is mainly limited by two key factors: the real-time active power output level of the plant, and the
maximum rated capacity of the grid-connected inverter. This relationship is expressed as follows [30]:

⎧⎪⎪⎪⎨⎪⎪⎪⎩

Qpv,max =
√
(Spv)

2 − (Ppv)
2

Qpv,min = −
√
(Spv)

2 − (Ppv)
2 (2)



4 Energy Eng. 2026;123(3):2

where Qpv,max and Qpv,min represent the upper and lower limits of the reactive power regulation capacity of
the PV plant, respectively; while Spv represents the rated capacity parameter of PV inverter.

2.2 Reactive Power Regulation Model of Wind Power System
This study takes the doubly-fed induction generator as the representative unit for a detailed investigation

of wind-turbine reactive-power control [31]. Fig. 1 depicts the adopted structure, where both the mechanical
input Pm and the grid-side active power Pg are governed by the instantaneous wind speed. Under the
assumption of maximum power-point tracking (MPPT), the active-power output at any instant can be
derived directly from the prevailing wind speed, as given in [32]:

Pg =
⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

0, for νw < νin
w andνw > νout

w

Pbase
w

νw−ν in
w

νbase
w −ν in

w
, for νin

w ≤ νw ≤ νbase
w

Pbase
w , forνbase

w ≤ νw ≤ νout
w

(3)

where νw denotes the instantaneous wind speed; νin
w and νout

w are the cut-in and cut-out speeds that mark
the beginning and end of grid-connected generation; νbase

w is the rated speed at which the turbine delivers its
nominal power Pbase

w .
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Figure 1: The energy transformation mechanism in doubly-fed induction generators

The span of the turbine’s reactive-power adjustment window is governed by the individual limits of the
stator-side and grid-side converters, expressed as follows [32]:

{Qg,max = Qs,max + Qc,max
Qg,min = Qs,min + Qc,min

(4)

where Qg,max and Qg,min bound the wind turbine’s overall reactive-power range when feeding the grid. On
the stator side, Qs,max and Qs,min delimit the allowable reactive-power excursions, while Qc,max and Qc,min
set the corresponding limits for the grid-side converter.

In this case, the maximum stator-side current constraints and grid-side converter capacity limits are
shown in Appendix A. Based on this, when the current wind speed conditions are known, the reactive power
output regulation range of a single wind turbine can be further extrapolated and extended to the whole wind
farm level to determine the aggregate reactive power output adjustable range of the entire wind farm.
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2.3 Models of SVG
Voltage-source SVGs are widely adopted for high-speed reactive power optimization. As shown

in Fig. A1 (Appendix B), the converter bridge is shunt-connected to the grid via a coupling reactor and a
DC-link capacitor. The loss equivalent circuit diagram is shown in Fig. A2 (Appendix B). By regulating the
magnitude and phase of the converter AC-side voltage Usvg with respect to the grid voltage Uw, the SVG can
instantaneously absorb or inject reactive power Usvg given by:

Qsvg =
U 2

w −UwUsvg

XL
(5)

where XL is the reactor reactance and all voltages are RMS values. The derivation of Eq. (5) and the detailed
circuit diagram are shown in Appendix B.

With the integration of wind farms into the power grid, it is common practice to install corresponding
reactive power optimization equipment to mitigate potential instability in the bus voltage caused by
imbalances in reactive power. Although doubly-fed wind turbines possess a certain capacity for reactive
power regulation, their performance is generally inferior to that of SVGs. Therefore, the incorporation of
SVGs is essential to enhance the system’s reactive power optimization.

As shown in Fig. 2, the mathematical models of PV, wind and SVG are systematically integrated into a
unified reactive power optimisation framework, which presents a closed-loop logic from resource parameter
input, equipment capability portrayal to global collaborative decision-making.

Figure 2: Integrated flowchart of the mathematical model for PV, wind and SVG systems
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2.4 Load Modelling Extensions for High R/X Distribution Networks
Due to the high R/X ratios in the distribution network, the node voltage varies significantly with the

fluctuation of load and renewable energy output, and the traditional PQ model is no longer applicable. For
this reason, this paper introduces a combination of ZIP load model and exponential load model into the
original optimization framework to portray the load dependence on the nodal voltage.

The load is decomposed into three parts, constant impedance (Z), constant current (I) and constant
power (P), and its active and reactive power can be expressed as:

Pi = Pi0 (aZ V 2
i + aIVi + aP) (6)

Qi = Qi0 (bZ V 2
i + bIVi + bP) (7)

where Vi is the voltage amplitude of node i, Pi0, Qi0 is the rated power; the coefficients aZ , aI , aP , bZ , bI , bP
satisfy aZ + aI + aP = 1, bZ + bI + bP = 1, and they can be recognized by the on-site measurement or load
characteristic curve.

Embedding the above expression directly into the node power balance constraints of the existing
optimization model, i.e.:

∑ j (Pi j + PPV, j + PWT, j − PZIP, j) = 0 (8)

∑ j (Qi , j + QPV, j + QWT, j + QSVG, j − QZIP, j) = 0 (9)

where PPV, j, QPV, j calculated from Eqs. (1) and (2); PWT, j, QWT, j calculated from Eqs. (3) and (4); QSVG, j
calculated from Eq. (5); PZIP, j, QZIP, j are ZIP expressions.

For voltage sensitive loads, the exponential form is used as:

P = P0V a p (10)
Q = Q0V aq (11)

where the indices ap, aq were fitted from the measured data.
The power balance constraint for this model is:

∑ j (Pi j + PPV, j + PWT, j − P0, jV
a p , j
j ) = 0 (12)

∑ j (Qi , j + QPV, j + QWT, j + QSVG, j − Q0, jV
aq , j
j ) = 0 (13)

where P0, j , Q0, j is the rated power.

2.5 Objective Function
The constructed reactive power optimization model aims to minimize line losses and voltage deviations

in the grid transmission process, which is formulated as follows [33]:

min F1,2 (14)

⎧⎪⎪⎪⎨⎪⎪⎪⎩

F1 = Ploss = ∑i , j∈NL gi j [V 2
i + V 2

j − 2Vi Vj cos θi j]

F2 = Vd = ∑ j∈Ni (Vj − V∗j )
2 (15)

where Ploss is the aggregate active-power loss of the network, Vd measures cumulative deviation of nodal
voltages from their nominal values to gauge overall voltage quality. Vi and Vj are the voltage magnitudes at
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buses i and j, θi j their phase-angle difference, gi j the branch conductance between them, Ni the set of all
system buses, NL the set of all lines, and V∗j the specified reference voltage for bus j.

The formalization of the objective vector and dominance relationship is as follows. According to the
dual objective optimization problem defined above, the objective vector can be formally expressed as:

F (x) = [F1 (x) , F2 (x)] = [Ploss (x) , Vd (x)] (16)

The dominance relationship adopts the Pareto dominance criterion: for any two solutions x1, x2, if and
only if the following conditions are met, it is called x1 dominance x2; The solution set that is not dominated
by any other solution constitutes the Pareto front.

⎧⎪⎪⎨⎪⎪⎩

∀i ∈ {1, 2} , Fi(x1) ≤ Fi(x2)
∃ j ∈ {1, 2} , Fj(x1) < Fj(x2)

(17)

2.6 Constraint
In the context of grid reactive power optimization involving wind and solar energy participation in

regulation and control, a series of equality and inequality constraints need to be simultaneously satisfied to
ensure the practical feasibility of the optimization scheme. These constraints are formulated as follows [34]:

1. Power-flow equation constraints

{PGi − PDi − Vi ∑ j∈Ni Vj (gi j cos θi j + bi j sin θi j) = 0, i ∈ N0
QGi − QDi − Vi ∑ j∈Ni Vj(gi j sin θi j − bi j cos θi j) = 0, i ∈ NPQ

(18)

where PGi and QGi are the generator’s active and reactive outputs at bus i, while PDi and QDi are the
corresponding loads. bi j is the branch admittance between buses i and j; N0 contains all buses except
the slack, and NPQ identifies the PQ buses whose power injections are known and whose voltages are to
be determined.

2. Generator constraints
⎧⎪⎪⎪⎨⎪⎪⎪⎩

Pmin
Gb ≤ PGb ≤ Pmax

Gb ,
Qmin

Gi ≤ QGi ≤ Qmax
Gi , i ∈ NG

V min
Gi ≤ VGi ≤ V max

Gi , i ∈ NG

(19)

where PGb is the active-power injection at the slack bus, bounded by Pmin
Gb and Pmax

Gb . For every generator
i ∈ NG, reactive output is constrained to [Qmin

Gi , Qmax
Gi ] and terminal voltage to [V min

Gi , V max
Gi ].

3. Reactive power optimization device SVG and transformer tap constraints

{Qmin
Ci ≤ QCi ≤ Qmax

Ci , i ∈ NC
Tmin

h ≤ Th ≤ Tmax
h , h ∈ NT

(20)

where Qmin
Ci and Qmax

Ci bound the output of the ith compensator, while Tmin
h and Tmax

h restrict the hth tap
changer; NC and NT denote the sets of compensators and tap changers, respectively.

4. Safety constraint

{ V min
i ≤ Vi ≤ V max

i , i ∈ NPQ
∣Sl ∣ ≤ Smax

l , l ∈ NL
(21)
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Node i’s voltage must stay between V min
i and V max

i ; each line l ∈ NL carries an apparent power Sl that
cannot exceed its thermal limit Smax

l .

3 AGSK-SD Optimizer Design for Reactive Power Optimization

3.1 Introduction to GSK Algorithm
The GSK optimization algorithm is a group-based optimization method inspired by the human

process of acquiring and sharing knowledge. In reactive power optimization, GSK algorithm operates
by mimicking the knowledge acquisition and sharing behaviors among individuals in a group. Through
this imitation process, the algorithm aims to optimize the objective function, thereby achieving reactive
power optimization.

To establish a comprehensive foundation for our enhanced algorithm, we first describe the standard
GSK framework, which provides the basis for our subsequent modifications.

Assume that the fitness vector of the ith individual is denoted as xk = [xk ,1 , xk ,2 , . . . , xk ,ND], where
i ∈ {1, 2, . . . , NP}. The corresponding fitness value is f (x), as defined in Eq. (22). Here, ND denotes the
dimensionality of the individual xk , while NP represents the total number of individuals in the population.

In the primary knowledge acquisition and sharing stage as well as the advanced knowledge acquisition
and sharing stage, the number of human individuals in the primary and advanced dimensions changes
dynamically over time, as shown in the lower right subplot of Fig. 3. To address this phenomenon, GSK
algorithm quantitatively describes this dynamic process of change in the number of primary and advanced
dimensions in the mathematical form presented in Eqs. (22) and (23), respectively [35].

Figure 3: Flowchart of AGSK-SD algorithm, highlighting the adaptive knowledge factor adjustment, simulated
annealing local search, and diversity perturbation mechanisms that enhance global convergence
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Building upon this foundation, we now introduce the specific optimization strategies that distinguish
our enhanced approach from the standard GSK framework.

Djunior = ND × (1 − G
Gmax

)
k

(22)

where G is the current number of iterations, Gmax is the maximum number of iterations, and k is the
knowledge learning rate [35].

Dsenior = ND − Djunior (23)

As the iterations, the number of dimensions in the primary stage shows a decreasing trend, while
the number of dimensions in the advanced stage shows an increasing trend. In the primary knowledge
acquisition and sharing stage, each individual in the population is updated by [36]

⎧⎪⎪⎨⎪⎪⎩

xnew
k = xk + λ f [xrbest − xrworst + xrm − xk] if f (xk) > f (xr)

xnew
k = xk + λ f [xrbest − xrworst − xrm + xk] if f (xk) ≤ f (xr)

(24)

where xrbest and xrworst are randomly selected individuals from the best and worst individuals, respectively, at
the primary stage, and xrm is randomly selected individuals from the middle-performing individuals. λ f is
KF parameter

Advanced stage can be updated as follows [37]:

⎧⎪⎪⎨⎪⎪⎩

xnew
k = xk + λ f [xpbest − xpworst + xrm − xk] if f (xk) > f (xr)

xnew
k = xk + λ f [xpbest − xpworst − xrm + xk] if f (xk) ≤ f (xr)

(25)

where xpbest is the best individual selected at an advanced stage from the current population, usually from the
historically optimal solutions; xpworst is the worst individual selected at an advanced stage from the current
population, usually from the historically worst solutions.

3.2 Optimization Strategies for GSK Algorithm
3.2.1 Adaptive Parameter Tuning

In the realm of reactive power optimization, GSK algorithm demonstrates strong adaptability across
various optimization stages through the dynamic modulation of KF and KR. During the initial phase of the
optimization process, setting relatively large values for both KF and KR enables the algorithm to quickly
locate regions near the global optimum, thereby laying a solid foundation for subsequent fine-tuning.
As the optimization progresses into later stages, it becomes essential to gradually decrease the values of
KF and KR. This strategic adjustment enhances the algorithm’s precision during local search operations,
effectively reducing the risk of premature convergence to local optima and promoting a more comprehensive
exploration of the solution space to identify the global optimal solution.

To complement the adaptive parameter tuning mechanism, we incorporated a simulated annealing local
search strategy to further enhance the algorithm’s exploitation capabilities.

The dynamic adjustment for KF is described as follows:

KF(G) = KFinitial −
KFinitial − KFfinal

Gmax
⋅G (26)

where KFinitial is the initial KF, KFfinal is the final KF.



10 Energy Eng. 2026;123(3):2

The dynamic adjustment for KR is expressed as follows:

KR(G) = KRinitial −
KRinitial − KRfinal

Gmax
⋅G (27)

where KRinitial is the initial knowledge ratio and KRfinal is the final knowledge ratio.

3.2.2 Local Search Mechanism
In each iteration, a refined hybrid scheme boosts solution quality and convergence. Selected non-

dominated individuals are subjected to a focused Simulated Annealing (SA) local search, leveraging
temperature-driven probabilistic moves to escape local optima while still exploring promising regions. This
local/global synergy—illustrated in the inset of Fig. 3—raises accuracy and robustness without appreciably
adding computation, delivering a superior final solution.

SA emulates the physical annealing process: the system is slowly cooled from high to low temperature
to locate the global optimum while avoiding local traps. The cooling schedule is defined as [38]:

T(G) = T0 ⋅ αG (28)

where T0 is the initial temperature and α is the cooling factor.
While the simulated annealing mechanism addresses local search intensification, we recognized the

need for an additional diversity preservation strategy to maintain population variety throughout the
optimization process.

In SA algorithm, the acceptance criterion usually uses the Metropolis criterion. Assuming that the
current solution is X(G)k and the new solution is X(G+1)

k , and the objective function values are f (X(G)k ) and
f (X(G+1)

k ), respectively, the probability of accepting the new solution is [39]:

P(a) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

1 if f (X(G+1)
k ) < f (X(G)k )

e−
f(X(G+1)

k )− f(X(G)
k )

T if f (X(G+1)
k ) ≥ f (X(G)k )

(29)

where T is the current temperature.

3.2.3 Diversity Enhancement
To enhance the global search capability and reduce the risk of falling into local optimal solutions, a

diversity enhancement mechanism is introduced. Specifically, by dynamically injecting controllable random
perturbation factors into the search process, the system can periodically deviate from the current search
trajectory, thus effectively expanding the exploration range of the solution space.

For each selected non-dominated solution X(G)k in the current population, a neighborhood solution
X(G+1)

k is generated. The neighborhood solution can be generated by adding a small random perturbation to
the current solution:

X(G+1)
k = X(G)k + ΔX (30)

where ΔX is a random perturbation vector whose magnitude is determined by the current temperature
T(G). The values of each of its components are randomly generated from a uniform distribution U(− ε, ε),
with ε being a small positive number indicating the range of the perturbation.
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The range of the randomized perturbation ε can be adjusted according to the size and complexity of the
problem. Typically, ε can be set to a small percentage of the range of the variable. It can be set if the upper
and lower bounds of the variable are Vmin and Vmax, respectively:

ε = αd ⋅ (Vmax − Vmin) (31)

where αd is a factor between 0 and 1.

3.3 Application of AGSK-SD Algorithm in Reactive Power Optimization
To further clarify the novelty and advancement of the proposed AGSK-SD algorithm, a comparative

analysis with the original GSK framework and its other variants is provided. While the standard GSK
algorithm introduces a valuable metaphor for knowledge acquisition and sharing, it often suffers from
premature convergence and an imbalance between exploration and exploitation when tackling complex
multimodal problems such as reactive power optimization.

The selection of these specific enhancement strategies was guided by the unique challenges presented
by reactive power optimization problems, which require careful balancing between global exploration and
local exploitation capabilities.

The key innovations of AGSK-SD that differentiate it from earlier GSK frameworks are threefold, as
summarized in Table 1.

(1) Adaptive core mechanism: Unlike standard GSK and many of its variants that rely on static parameters,
AGSK-SD introduces a dynamic adaptive mechanism for both the KF and KR. This allows the algorithm
to autonomously shift its behavior from global exploration to local exploitation as the optimization
progresses, significantly enhancing search efficiency and final solution quality.

(2) Synergistic hybrid strategy: While SA or diversity maintenance strategies have been used independently
in other metaheuristics, their deep integration into the GSK lifecycle is novel. In AGSK-SD, SA is not
a standalone post-processor but is selectively applied to non-dominated solutions, acting as a refined
local search tool. This is seamlessly coupled with the global search phases of GSK.

(3) Problem-specific design: The design of the diversity perturbation mechanism is specifically tailored for
the characteristics of power system optimization problems (e.g., variable bounds, discrete-continuous
mixed variables), ensuring that the perturbations are both effective and efficient within the feasible
solution space.

Table 1: Comparative analysis of GSK algorithm variants

Algorithm Adaptive
KF/KR

Local
search

Diversity
mechanism

Exploration-
exploitation

balance
Standard GSK [40] × × × √

Adaptive GSK
(AGSK) [41]

√ × × √

Enhanced GSK
(EGSK) [42]

√ × × √

AGSK-SD
√ √ √ √
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This comprehensive integration of adaptive mechanisms, local search intensification, and diversity
preservation strategies transforms the GSK framework into a specialized tool specifically designed for the
complexities of modern power system optimization.

This multi-faceted enhancement transforms the GSK from a robust general-purpose optimizer into a
highly specialized and powerful algorithm for handling the intricacies of reactive power optimization in
modern power grids.

The proposed AGSK-SD algorithm, therefore, represents a significant evolution of the GSK framework
by moving beyond parameter adaptation to a strategic hybridization, where adaptive control, targeted local
search, and managed diversity work in concert to address the specific challenges of non-convex, constrained,
multi-objective optimization problems found in renewable-penetrated power systems.

Conventional heuristics often converge prematurely and yield poorly distributed Pareto fronts for multi-
objective reactive-power optimization. To overcome these drawbacks, this paper employs AGSK-SD, an
enhanced GSK variant. AGSK-SD adaptively tunes KF and KR across the search phases—speeding up early
exploration and refining late-stage exploitation. A cyclic SA search further polishes selected individuals,
markedly raising solution quality. Random perturbations are injected to sustain diversity, deter stagnation,
and bolster global search. Together, these refinements boost efficiency, robustness, and practical applicability
for complex multi-objective tasks; the overall procedure is outlined in Fig. 3.

4 Case study
In this study, based on the MATLAB simulation platform, the performance of the proposed AGSK-SD

algorithm in power system reactive power optimization is systematically verified. The extended IEEE 9-bus
and 39-bus standard test systems are utilized for validation (see Figs. 4 and 5 for details of the system topology
and the location of the scenery-SVG access).

1G

2G 3G

2 8 7 6 3

5

4

1

9

Conventional thermal power units

Photovoltaic power station

Wind power plant

SVG

Figure 4: IEEE 9-bus test system topology with locations of renewable energy integration and SVG placement indicated
for reactive power optimization studies
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Figure 5: IEEE 39-bus test system topology showing the complex network structure with multiple renewable energy
access points and SVG installations for large-scale optimization validation

The selection of these specific test systems was deliberate: the IEEE 9-bus system provides a manageable
platform for initial algorithm validation, while the more complex IEEE 39-bus system allows for testing
scalability and performance under more realistic grid conditions. The non-dominated sorting genetic
algorithm-II (NSGA-II) and MOPSO algorithm are selected for benchmark comparison. To ensure fairness
in performance evaluation, all algorithms are tested under identical experimental conditions: Each uses a
population size of 200, and the maximum number of iterations is set to 200.

These comparative algorithms were chosen to represent state-of-the-art multi-objective optimization
approaches commonly used in power system applications, providing meaningful benchmarks for evaluating
our proposed method. The algorithm parameters and the simulation system configuration parameters
are shown in Tables 2 and 3, respectively, more detailed system configuration parameters are provided
in Tables A1–A4 (Appendix E). The comprehensive parameter sets and repeated testing approach were
implemented to ensure robust statistical validation of our results across different system configurations
and operating conditions. To ensure the statistical reliability of the experimental conclusions, a repeated
testing method is used for performance verification. This study was run on the MATLAB R2023a platform
and conducted power flow calculations based on the MATPOWER toolbox. We take the number of
iterations as the stopping criterion and use the Newton-Raphson method as the power-flow solver. The
hardware environment is an AMD Ryzen 7 5700G processor (with a base frequency of 3.8 GHz and an
acceleration frequency of 4.6 GHz). The selection of MATPOWER for power flow calculations was based
on its widespread acceptance in academic research and its proven reliability for power system optimization
studies, ensuring the reproducibility of our results.
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Table 2: Main parameters of each algorithm

Algorithms Parameters Values

MOPSO [43]

Inertia weight w 0.5
Inertia weight damping rate wdr 0.99
Personal learning coefficient cp 1
Global learning coefficient cg 2

Number of grids per dimension
ng

7

Inflation rate ri 0.1
Leader selection pressure pl 2

Deletion selection pressure pd 2
Mutation rate rmpso 0.1

NSGA-II [44]

Crossover percentage pc 0.7
Number of offspring no 140
Mutation percentage pm 0.4
Number of mutants nm 80

Mutation rate rmga 0.02

AGSK-SD

Knowledge factor KF 0.5
Knowledge ratio KR 0.9

Initial knowledge factor KFi 1
Final knowledge factor KFf 0.1
Initial knowledge ratio KRi 0.9
Final knowledge ratio KRf 0.1
Knowledge learning rate rk 0.9

Initial temperature T0 100
Cooling factor α 0.95

Disturbance range factor αd 0.1
Upper bounds on variables Vmax 1.05

Lower bounds for variables
Vmin

0.95

Disturbance range ε 0.01
Knowledge learning rate k 0.3

Table 3: Simulation system configuration parameters

System Configuration Values

IEEE 9-node system

System base capacity 100 MW
Installed capacity of wind farms

plants
15 MW

Installed capacity of
photovoltaic power plants

8 MW

(Continued)
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Table 3 (continued)

System Configuration Values
Generator capacity 30 MW

Rated voltage of generator 345 kV
SVG capacity ±10 MVar

IEEE 39-node system

System base capacity 100 MW
Installed capacity of wind farms

plants
20 MW

Installed capacity of
photovoltaic power plants

15 MW

Generator capacity 80 MW
Rated voltage of generator 345 kV

SVG capacity ±20 MVar

For the simulation system configuration, the reactive power optimization variables of IEEE 9-bus
system cover three key dimensions: terminal voltage amplitude adjustment of three synchronous generators
on the conventional generation side, discrete configuration parameter optimization of a reactive power
optimization device, and two distributed reactive power output controls of new energy power plants. For
the larger IEEE 39-bus system, the optimization variable space is significantly expanded, including the
voltage regulation of 10 synchronous generators, the discrete configuration parameters of reactive power
optimization equipment at 4 locations, and the reactive power output control quantity of 11 new energy
stations, forming a more complex multivariate coupling optimization problem.

4.1 Comparative Analysis of Simulation with and without SVG Participation
In power systems, the application of reactive power optimization equipment is important for improving

voltage stability and reducing network losses. In this study, the impact of SVG integration is thoroughly ana-
lyzed by comparing experimental results with and without SVG deployment across different algorithms and
grid model scales. The IEEE 9-bus and IEEE 39-bus systems are selected as test cases, and three algorithms,
NSGA-II, MOPSO, and AGSK-SD, are applied for the optimization calculations. The corresponding results
are illustrated in Fig. 6. It can be seen that the network power loss and voltage deviations are significantly
reduced in the IEEE 9-bus and IEEE 39-bus systems after SVG integration, regardless of whether the NSGA-II
algorithm, MOPSO algorithm, or AGSK-SD algorithm. These results confirm that SVG can improve the
voltage distribution and enhance the voltage stability of the system while improving energy efficiency and
reducing operating costs. The benefits are particularly pronounced in larger and more complex grid models.
As shown in Fig. 6, the AGSK-SD algorithm consistently achieves the lowest network loss and voltage
deviation across both the IEEE-9 and IEEE-39 systems, regardless of whether SVG is integrated, thereby
demonstrating its superior scalability.
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(a) (b)

(c) (d)

(e) (f)

Figure 6: Experimental comparison graphs of reactive power optimization devices applied or not: (a) NSGA-II
algorithm comparison graph for IEEE9 nodes; (b) NSGA-II algorithm comparison graph for IEEE39 nodes; (c) MOPSO
algorithm comparison graph for IEEE9 nodes; (d) MOPSO algorithm comparison graph for IEEE39 nodes; and
(e) AGSK-SD algorithm comparison graph for IEEE9 nodes; (f) AGSK-SD algorithm comparison graph for IEEE39
nodes
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Based on these findings, subsequent experiments will continue to introduce SVG to further explore its
performance under different grid topologies, operating conditions, and renewable energy penetration rates.

4.2 Comparative Analysis of Reactive Power Optimization Simulations
Based on the topology schematic shown in Figs. 4 and 5, an experimental study on three specific

algorithms is carried out. After reactive power optimization, the optimal Pareto solution graphs of various
algorithms under each node are shown in Fig. 7. The statistics of the optimization results are shown in Table 4.

By comparing the optimization performance of different algorithms across various-scale grid models, it
is clear from Fig. 7 that the non-dominated solution sets generated by different algorithms are uniformly dis-
tributed along the two key dimensions, namely, network power loss and voltage deviation. This distribution
fully demonstrates the ability of the algorithms to explore trade-offs and identify the balance point between
voltage deviation and network loss. Meanwhile, the Pareto trade-off relationship between network power
loss and voltage deviation is significant and typical. The Pareto-optimal solution set obtained by AGSK-SD
algorithm outperforms the other algorithms in both IEEE 9-bus and IEEE 39-bus grid models in terms of
voltage deviation and network loss.

(a) (b)

(c) (d)

Figure 7: (Continued)
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(e) (f)

Figure 7: (Optimal pareto solution graph after reactive power optimization: (a) optimization graph of NSGA-
II algorithm for IEEE9 nodes; (b) optimization graph of NSGA-II algorithm for IEEE39 nodes; (c) optimization
graph of MOPSO algorithm for IEEE9 nodes; (d) optimization graph of MOPSO algorithm for IEEE39 nodes; and
(e) optimization graph of AGSK-SD algorithm for IEEE9 nodes; (f) optimization graph of AGSK-SD algorithm for
IEEE39 nodes)

Table 4: Multi-objective optimization performance comparison on IEEE test systems

Systems Algorithm HV IGD Spread

IEEE9 node
NSGA-II 0.0342 0.0924 0.9165
MOPSO 0.0277 0.0974 1.0090

AGSK-SD 0.0351 0.0717 0.9051

IEEE39 node
NSGA-II 0.0017 0.0382 0.8925
MOPSO 0.0073 0.0426 0.9800

AGSK-SD 0.0081 0.0096 0.7830

To evaluate and visually present the comprehensive performance of the proposed method in multi-
objective optimization, this paper uniformly calculated three recognized indicators, namely hypervolume
(HV), inverse generation distance (IGD), and spread, for the Pareto front of IEEE 9-node and 39 node
systems. The relevant calculation formulas are shown in Appendix D, the results are listed in the table below.

The table compares the performance of three multi-objective optimization (MOO) algorithms—
NSGA-II, MOPSO, and AGSK-SD—in IEEE 9-bus and 39-bus systems, evaluated using three key metrics:
HV, IGD, and Spread. The data demonstrates that AGSK-SD consistently outperforms the other algorithms
across both system scales. Specifically, AGSK-SD achieves the highest HV values (0.0351 for the 9-bus system
and 0.0081 for the 39-bus system) and the lowest IGD values (0.0717 and 0.0096, respectively), indicating
superior convergence and proximity to the true Pareto front. Notably, AGSK-SD also maintains the lowest
Spread values (0.9051 for the 9-bus system and 0.7830 for the 39-bus system), reflecting better uniformity in
solution distribution. In contrast, MOPSO exhibits poorer performance in the 9-bus system with a Spread
value of 1.0090, while NSGA-II shows limitations in handling larger systems, as evidenced by its low HV
value of only 0.0017 in the 39-bus system. Overall, the table clearly highlights AGSK-SD’s superior and
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stable performance across different system scales, particularly in terms of solution diversity and convergence,
making it the preferred choice for MOO problems in power systems.

These results further validate the superior performance of AGSK-SD algorithm in solving multi-
objective optimization problems. In particular, AGSK-SD algorithm is more effective in the more complex
IEEE 39-bus system, suggesting that it has a distinct advantage in handling high-dimensional and strongly
coupled grid environments. The algorithm achieves a more efficient balance between voltage deviation and
network loss, thus enhancing the operational efficiency and reliability of the grid.

From the data presented in Table 5, it can be seen that although all the algorithms achieve reductions
in network loss and voltage deviation, AGSK-SD algorithm consistently demonstrates superior performance
across both system configurations. Specifically, after optimization, AGSK-SD algorithm reduces the network
loss to 2.1537 and 11.2159 MW in the IEEE 9-bus and IEEE 39-bus systems, respectively, while the voltage
deviation is reduced to only 3.42 × 10−4 and 1.07 × 10−2 p.u. The corresponding percentage-reduction
formulas are given in Appendix C, where the improvements are remarkably high, up to 98.77% and 80.76%,
respectively, which are significantly better than that obtained by NSGA-II and MOPSO algorithms. In
contrast, NSGA-II algorithm achieves an improvement of 97.76% in IEEE 9-bus system, but only 33.99%
in IEEE 39-bus system. This difference shows that NSGA-II algorithm has limited scalability when applied
to larger, more complex grid systems. The improvement of MOPSO algorithm in both systems is lower
than that of AGSK-SD and NSGA-II algorithms, indicating its weaker global convergence capability. In
particular, AGSK-SD algorithm can maintain a voltage quality improvement of over 80% even in the high-
dimensional and complex IEEE 39-bus system. This underscores the dual merits of the AGSK-SD algorithm
in substantially reducing network losses and concurrently enhancing voltage stability, while further attesting
to its remarkable scalability across varying system dimensions, particularly in large-scale optimization
environments. Among them, bold values represent the optimal results in each system.

Table 5: Statistics of optimization results of different algorithms under different system

Systems Algorithm Network
loss (MW)

Voltage
deviation

(p.u.)

Percentage
reduction in

voltage deviation
(%)

Percentage
reduction in

network loss (%)

IEEE9 node

Initial 2.7191 0.0277 0 0
NSGA-II 2.1859 6.21E−04 97.76% 19.61%
MOPSO 2.2590 1.05E−03 96.21% 16.92%

AGSK-SD 2.1537 3.42E−04 98.77% 20.79%

IEEE39 node

Initial 15.1891 0.0556 0 0
NSGA-II 13.8747 0.0367 33.99% 8.65%
MOPSO 13.9121 0.0416 25.18% 8.41%

AGSK-SD 11.2159 0.0107 80.76% 26.16%

In modern power system dispatch centers, operations are typically divided into different time scales:
real-time control (seconds to minutes), rolling one hour advance scheduling (5–15 min), and one-day
advance planning (hours). The observed running time from Table 6 is approximately 100 s (less than 2 min),
making the AGSK-SD algorithm advantageous for near real time and rolling horizon optimization appli-
cations. This time range is acceptable for adjusting reactive power settings in response to slowly changing
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conditions, such as different renewable energy generation forecasts and load patterns, which are typically
updated every 5 to 15 min.

Table 6: Average computation time statistics for each algorithm

Systems Algorithm Average computation time (s)

IEEE9 node
NSGA-II 143.50
MOPSO 70.61

AGSK-SD 89.77

IEEE39 node
NSGA-II 154.67
MOPSO 84.22

AGSK-SD 100.42

For integration into a true real-time control framework (e.g., sub-minute cycles), further acceleration
would be desirable. Several strategies could be explored to achieve this:

(1) Parallelization: The AGSK-SD algorithm is inherently parallelizable. The evaluation of individual agents
in the population can be distributed across multiple CPU cores or compute nodes, potentially reducing
the computation time nearly linearly with the number of available processors.

(2) GPU Acceleration: The matrix and vector operations central to the heuristic search process could be
efficiently offloaded to a Graphics Processing Unit (GPU), leveraging its massive parallelism to achieve
significant speedups, likely reducing runtimes to within tens of seconds.

(3) Hybrid Implementation: A practical implementation could combine a fast, simplified model for frequent
real-time corrections with the detailed AGSK-SD optimization triggered at a slower interval (e.g., every
15 min) to provide a new optimal baseline, ensuring both accuracy and responsiveness.

All the calculations are done in Matlab 2023a platform, and the trend calculation is done by MAT-
POWER built-in solver. The average computation time shown in the above table indicates that all the
algorithms meet the real-time scheduling requirements. Although AGSK-SD does not take the shortest time,
it brings the largest reduction of voltage deviation and network loss, and has the most compact box-and-line
diagram under 50 independent runs, which is significantly better than NSGA-II and MOPSO in terms of
robustness, and has the best overall performance.

4.3 Algorithm Stability Analysis
To further verify the effectiveness of AGSK-SD algorithm in reactive power optimization, this study

conducts 50 independent runs for each algorithm. The results are then comprehensively analyzed to evaluate
and compare their convergence stability and global search capability. Under the premise of minimizing grid
loss and voltage deviation as the optimization objectives, Fig. 8 shows the statistical results of grid loss and
voltage deviation for different algorithms, visualized in the form of box-and-whisker plots.

The data presented in Fig. 8 shows that AGSK-SD algorithm exhibits superior stability and performance
in terms of network loss control and voltage deviation adjustment in IEEE 9-bus system. The corresponding
box-and-whisker plot distributions are relatively concentrated and maintained at low levels, which strongly
indicates that the algorithm’s effectiveness in minimizing both network losses and voltage deviations. When
applied to the more complex IEEE 39-bus system, AGSK-SD algorithm also shows outstanding advantages
in the statistics of network loss and voltage deviation. The statistical results are not only significantly
better than the other two algorithms, but also exhibit a more compact data distribution. These outcomes
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further substantiate the outstanding effectiveness and algorithmic stability of the AGSK-SD algorithm in
reactive-power optimization of complex power systems, while reiterating its remarkable scalability across
varying scales.

(a) (b)

(c) (d)

Figure 8: Box-and-whisker plots of statistical results for 50 runs of different algorithms: (a) IEEE9 node network loss;
(b) IEEE9 node voltage deviation; (c) IEEE39 node network loss; (d) IEEE39 node voltage deviation

Based on the statistical data of 50 independent runs shown in Fig. 8, we conducted a comprehensive
statistical analysis to rigorously evaluate the performance of the algorithm. The results are shown in Tables 7
and 8 below. AGSK-SD showed statistically significant improvements in all measurement indicators com-
pared to NSGA-II and MOPSO. For voltage deviation, AGSK-SD achieved excellent performance, with
an average ± standard deviation of 3.42E−04 ± 9.41E−06 p.u. (IEEE 9-node) and 0.0105 ± 0.0016 p.u.
(IEEE 39 node), respectively, which were reduced by 45.4% and 71.8% compared to NSGA-II. Similarly,
for network loss, AGSK-SD maintained lower average ± SD values of 2.1548 ± 0.0050 MW (IEEE 9-node)
and 11.2069 ± 0.1525 MW (IEEE 39 node), which were 1.43% and 19.4% higher than NSGA-II, respectively.
These statistically validated results, combined with narrow standard deviations, demonstrate the excellent
optimization capability and robust stability of the proposed AGSK-SD algorithm at different system scales.
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Table 7: Statistical summary of voltage deviation across 50 independent runs

Systems Algorithm Mean (p.u.) Standard deviation (p.u.)

IEEE9 node
NSGA-II 6.26E−04 4.25E−05
MOPSO 0.0010 6.76E−05

AGSK-SD 3.42E−04 9.41E−06

IEEE39 node
NSGA-II 0.0373 0.0023
MOPSO 0.0398 0.0046

AGSK-SD 0.0105 0.0016

Table 8: Statistical summary of network loss across 50 independent runs

Systems Algorithm Mean (MW) Standard deviation (MW)

IEEE9 node
NSGA-II 2.1861 0.0109
MOPSO 2.2600 0.0249

AGSK-SD 2.1548 0.0050

IEEE39 node
NSGA-II 13.9015 0.3505
MOPSO 13.8919 0.4985

AGSK-SD 11.2069 0.1525

4.4 Comparison and Analysis of Data at Each Node
Figs. 9 and 10 show the network losses and voltage deviations corresponding to each node when

comparing the three algorithms with the initial state.

(a)

Figure 9: (Continued)
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(b)

Figure 9: IEEE9 node system situation map for each node: (a) network loss comparison chart; (b) voltage deviation
comparison chart

From the results presented in Figs. 9 and 10, it can be seen that in both systems under study, not all
nodes exhibit a reduction in network losses after optimization. In some cases, the network loss at certain
nodes remains unchanged or even increases compared to the initial state. However, at the system level, the
total network loss after optimization is reduced compared with the initial state. At the same time, the voltage
deviation of individual nodes, as well as the overall system voltage deviation, consistently show a decreasing
trend regardless of the optimization algorithm applied. Further comparison of the optimization results in
the two systems reveals that AGSK-SD algorithm achieves the best performance, especially in IEEE 39-bus
system, where the algorithm can minimize the voltage deviation of the system.

(a)

Figure 10: (Continued)
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(b)

Figure 10: IEEE39 node system situation map for each node: (a) network loss comparison chart; (b) voltage deviation
comparison chart

4.5 Analysis of the Impact of Changes in the Proportion of New Energy Access on Reactive Power
Optimization
To investigate the effects of different renewable energy penetration levels on the reactive power opti-

mization of the grid with integrated wind and PV energy, and to ensure the comprehensiveness and accuracy
of the evaluation, this section selects IEEE 9-bus system and IEEE 39-bus system as research platforms,
and statistically analyzes the optimization results of AGSK-SD algorithm under varying penetration levels
of renewable energy The corresponding results are presented in Fig. 11. When the proportion of renewable
energy in the grid is increasing, its inherent intermittency and randomness, along with the potential reverse
power flow, have a significant impact on the stable operation of the grid system. Specifically, line loss and
voltage deviation show a synchronized and continuously increasing trend. The reason is that with the higher
renewable penetration rate, the volatility of its output increases. In addition, reverse power flows increase
the line current, disrupting the reactive power balance and ultimately causing simultaneous increases in line
losses and voltage deviations.

(a) (b)

Figure 11: Analysis of different renewable energy penetration levels: (a) IEEE 9-node system; (b) IEEE 39-node system
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5 Conclusions
To address the voltage fluctuations and increased network losses caused by the integration of wind

and solar energy, this work constructs an integrated multi-objective optimization model that simultaneously
incorporates the real-time reactive power margins of wind turbines, PV inverters, and SVGs. Further, a
AGSK-SD algorithm is developed, which couples the adaptive knowledge factor/ratio, simulated annealing
fine search, and diversity perturbation in the GSK framework. Experimental results confirm the following
findings:

(1) This work incorporates the real-time reactive power adjustable potentials of wind turbines, PV units,
and SVGs into a unified optimization model. Applying this model resulted in voltage deviation
reductions of 98.77% and 80.76% in the IEEE 9-bus and 39-bus systems, respectively. These results
surpass the performance of both NSGA-II and MOPSO algorithms.

(2) Within the GSK framework, we introduce an adaptive control mechanism that dynamically tunes the
KF and KR. In the IEEE 39-bus system, the proposed AGSK-SD algorithm surpasses NSGA-II by cutting
network losses by 17.75% and shrinking voltage deviation by 40.77%. Crucially, it refines late-stage local
search accuracy without enlarging computational complexity, thereby offering a practical route for high-
dimensional power-grid fine-tuning.

(3) The AGSK-SD algorithm embeds a simulated-annealing-based fine-grained local searcher and a
periodic diversity-perturbation operator into the GSK framework. This implementation creates an
annealing-probability-driven mechanism that effectively escapes local optima. It also cyclically enlarges
the exploration domain to strengthen the global search. Their synergy yields a Pareto front whose
uniformity and extent of coverage markedly exceed those delivered by NSGA-II and MOPSO. Statistical
verification across fifty independent executions reveals markedly tighter boxplots, underscoring the
algorithm’s superior robustness, stability, and consistency, together with consistently lower terminal
objective values.

The proposed transmission level reactive power optimization framework and AGSK-SD algorithm
demonstrate excellent performance in the power grid, outperforming NSGA-II and MOPSO in voltage
deviation control and loss reduction in batch renewable energy integration scenarios. Optimised set-points
can be streamed to wind converters, PV inverters and SVGs within seconds, exploiting existing assets to boost
renewable absorption and defer line upgrades while meeting European RfG. Recommended deployment
is a lightweight AGSK-SD module in regional control centres, prioritising firmware upgrades at high-
penetration nodes, and mapping results to day-ahead reactive-power bids to cut reserve costs. steady-state
assumptions, no short-circuit, dynamic reserve or delay, and 9/39-bus scope—will be addressed via dynamic
simulation, probabilistic uncertainty and communication latency before provincial-scale hardware-in-the-
loop validation. AGSK-SD can be fused with deep-learning-based renewable forecasts for millisecond
“forecast–optimize–dispatch” loops, inherently suits hybrid AC/DC grids, and aligns with emerging plug-
and-play, cloud-edge, and digital-twin frameworks. yet scaling to ultra-large networks still faces surging
computation, communication latency and high-precision meteorological data dependence.

Despite its promising results, this study has limitations that outline directions for future work. The
research relies on steady-state assumptions. It does not capture dynamic behaviors or the uncertainty
inherent in renewable generation and load demand. These omissions may impact the robustness of the
solutions in real operations. Additionally, validation was conducted on medium-scale test systems (IEEE
9-bus and 39-bus), and performance on larger real-world networks remains to be verified. Future efforts
will focus on integrating uncertainty modeling through stochastic programming, extending the framework
to dynamic optimization, applying the method to large-scale systems with accelerated computing, and
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validating results via hardware-in-the-loop testing to bridge the gap between theoretical development and
practical industry application.
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Nomenclature
Abbreviations
AGSK-SD Adaptive gain shared knowledge with simulated annealing and diversity maintenance
EV Electric vehicle
GIPA Genetic interior-point algorithm
GSK Gain shared knowledge
HA Heuristic algorithm
KF Knowledge factor
KR Knowledge ratio
MINLP Mixed integer nonlinear programming
MOO Multi-objective optimization
MOPSO Multi-objective particle swarm optimization
MICP Mixed integer convex programming
MPPT Maximum power point tracking
NSGA-II Non-dominated sorting genetic algorithm II
ORPD Optimal reactive power distribution
PSO Particle swarm optimization
PV Photovoltaic
REGC Renewable energy grid-connection
RMS Root-mean-square
SOO Single-objective optimization
SVG Static var generator
SA Simulated annealing

Variables
αpv Power conversion coefficient reflecting the temperature characteristics of PV module
Pbase

pv Rated power of PV plant
Lpv Light intensity received by PV array
T Real-time air temperature of the environment where PV plant
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Tref Reference value of the air temperature used for power correction
Spv Rated capacity parameter of PV inverter
νw Wind speed at the current moment
νbase

w Rated wind speed of the wind turbine
α Cooling factor
ΔX Random perturbation vector
Ls Stator inductance
Lm Excitation inductance
s Slew rate
ω1 Synchronous rotational angular velocity
ωr Rotor rotational angular velocity
Us Value of the stator voltage
U̇w System voltage phasor
U̇svg SVG voltage phasor
U̇L Voltage phasor across the reactor
İL Current phasor flowing through the reactor
Ploss Total active power loss of the entire power network
Vd Sum of the deviations from the nominal value of the voltage at each node of the grid
Vi Voltage amplitude of node i
Vj Voltage amplitude of node j
θ i j Difference in the phase angle between the two nodes
gi j Branch conductance between node i and node j
Ni Collection of all the nodes in the power system
NL Set of all transmission branches
PGi Active power output from the generator at node i
QGi Reactive power output from the generator at node i
PDi Active load demand carried by node i
QDi Reactive load demand carried by node i
NT Collection of transformer taps
N0 Set of all nodes in the power system excluding the balancing node
PGb Active power output from the generator at the balancing node
NG Set of all generators in the power system
NC Collection of reactive power optimization devices
Sl Apparent power of line l
NL Set of all lines in the system
k Knowledge learning rate
λ f Knowledge factor parameter
T0 Initial temperature
T(G) Current temperature

Appendix A Reactive Power Regulation Boundary Constraints
The reactive power regulation range on the stator side is mainly influenced by the maximum current

constraints that can be carried on the stator and rotor sides, as follows [33]:

{Qs,max = min{Qs1,max, Qs2,max}
Qs,min = max {Qs1,min, Qs2,min}

(A1)
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where Qs1,max and Qs1,min mark the stator-side reactive-power bounds imposed by the rotor-current limit,
whereas Qs2,max and Qs2,min reflect those dictated by the stator-current limit. Parameters Ls and Lm are the
stator and magnetizing inductances; Ir,max and Is,max are the rotor and stator current ceilings; s is the slip; ω1
and ωr are the synchronous and rotor angular velocities; and Us is the RMS stator voltage.

From another point of view, the reactive power regulation range of the grid-side converter is primarily
determined by its own capacity limitations, as follows [33]:

⎧⎪⎪⎪⎨⎪⎪⎪⎩

Qc,max =
√

S2
c,max − ( sPm

1−s )
2

Qc,min = −
√

S2
c,max − ( sPm

1−s )
2 (A4)

where Sc,max denotes the rated capacity of the grid-side converter.

Appendix B SVG Modelling Details
Fig. A1 reproduces the three-phase voltage-source SVG bridge used in this study [45].

Load

Figure A1: Bridge circuit for voltage type SVG

By adjusting the magnitude and phase of the AC-side voltage generated by its bridge converter, the SVG
can rapidly inject or absorb reactive power with high precision. Its control is highly flexible and its response is
fast enough to counteract sudden load changes. Compared with other compensating devices, the SVG offers
clear technical advantages. Fig. A2 shows the lossless equivalent circuit [45,46]: XL is the reactor reactance,
U̇w the system-voltage phasor, U̇svg the SVG-voltage phasor, U̇L the phasor across the reactor, and İL the
resulting phasor current.

Based on the fundamental principles of circuit theory, the reactor current can be expressed as [45]:

İL =
U̇w − U̇svg

jXL
(A5)
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SVGU

LU

WU

LX
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Figure A2: Schematic representation of the equivalent circuit for SVG

The complex power transferred to SVG system is described by:

S̃ = U̇w İ∗L = jU̇w
U̇∗w − U̇∗svg

XL
(A6)

The SVG is designed to operate without consuming active power. Moreover, the phase disparity between
the grid-side voltage and the SVG AC-side voltage is assumed to be zero. Consequently, based on Eq. (A6),
the reactive power absorbed by SVG can be derived as follows [46]:

Qsvg =
U 2

w −UwUsvg

XL
(A7)

where Uw and Usvg represent the root-mean-square (RMS) values of the phasors U̇w and U̇svg, respectively.
By adjusting the magnitude and phase angle of SVG’s output voltage Usvg, it is possible to obtain an

SVG current IL that either leads or lags the voltage by 90○. Specifically, when Usvg > Uw, IL reaches its
maximum value, and SVG absorbs reactive power with Qsvg < 0, indicating that it operates in capacitive
mode. Conversely, when Usvg < Uw, IL becomes a lagging current, and SVG absorbs reactive power with
Qsvg > 0, signifying operation in inductive mode.

Appendix C Percentage-Reduction Calculation
To intuitively quantify the comprehensive benefits of reactive-power optimization in terms of voltage-

profile improvement and network-loss reduction, this paper introduces a unified percentage-decrease metric
for the two key indices—voltage deviation and total power loss—as defined in the following equation.

ΔPloos, i =
Ploos,0

Ploos, i
∗ 100 (A8)

ΔVdev, i =
Vdev,0

Vdev, i
∗ 100 (A9)

where, ΔPloos, i and ΔVdev, i denote the percentage improvements in power loss and voltage deviation,
respectively; Ploos,0 and Vdev,0 represent the original values, while Ploos, i and Vdev, i are the corresponding
optimized values obtained by the i-th algorithm (i = 1, 2, 3).

Appendix D Calculation Instructions for HV, IGD, and Spread

1. Hypervolume (HV)
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HV is the spatial volume enclosed by the Pareto front and reference point. Let the approximate frontier
and reference point be:

⎧⎪⎪⎨⎪⎪⎩

F∶ = {f 1 , f 2, . . . , f m} ⊆ R2, f i = (f i
1 , f i

2)
r = (r1 , r2) satisfy ∀ f ∈ F , f < r

(A10)

HV is the Lebesgue measure of the region dominated by at least one solution in F and dominated by r:

HV(F , r) = λ
⎛
⎝⋃f ∈F

[ f , r]
⎞
⎠
= λ

⎛
⎝⋃f ∈F

{x ∈ R2 ∣ f1 ≤ x1 ≤ r1 , f2 ≤ x2 ≤ r2}
⎞
⎠

(A11)

where λ(⋅) represents the two-dimensional Lebesgue measure (area).

2. Inverse Generative Distance (IGD)

IGD is the average distance from the true Pareto front to the solution set obtained by the algorithm. Let
the real Pareto front uniform sampling point set be:

P⋆∶ = {p1 , . . . , pN} ⊆ R2 (A12)

where N is the number of sampling point sets.

IGD(P∗, F) = 1
∣P∗∣ ∑p∈P∗

min
f ∈F

∥ p − f ∥2 (A13)

3. Distribution Indicator Spread

Spread is the degree of uniformity of the distribution of the solution set in the target space. Let the true
frontier endpoint and approximate frontier endpoint be:

{T1 = (T11 , T12), TE = (TE1 , TE2)
A1 = (A11 , A12), AM = (AM1 , AM2)

(A14)

From the above equation, it can be concluded that:

d1 =∥ T1 − A1 ∥2 (A15)
dM =∥ TE − AM ∥2 (A16)
di =∥ Ai+1 − Ai ∥2 (A17)

where i = 1, . . . , M − 1.

Δ = d1 + dM +∑M−1
i=1 ∣di − d∣

d1 + dM + (M − 1)d
(A18)

Appendix E Detailed System Configuration Parameters
The detailed data parameters of the extended IEEE 9-node and 39 node testing systems are supple-

mented as follows:
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Table A1: System basic parameter table

System Configuration Result

IEEE 9-node system

Reference capacity (MVA) 100
Reference voltage (kV) 345

New energy access point Node 9 (wind power), Node
7 (photovoltaic)

SVG installation location Node 6

IEEE 39-node system

Reference capacity (MVA) 100
Reference voltage (kV) 345

New energy access point Nodes 5, 8, 15, 23, 25, 29
(wind power), Nodes 1, 6, 21,

24, 27 (photovoltaic)
SVG installation location Node 3, 12, 16, 28

Table A2: Capacity limitation of power generation equipment

Device type Parameter Value

Synchronous generator Maximum active power (MW) 250–300
Maximum/minimum reactive power (MVar) ±300

Photovoltaic power station Apparent power capacity (MVA) 15
Active power regulation range (MW) 0–15

Wind farm Basic active power (MW) 8
Reactive power regulation range (MVar) ±5

SVG Maximum reactive power (MVar) ±30

Table A3: Load characteristic parameters

Load type Composition ratio (Z:I:P) Voltage index
Static load 30%:30%:40% 0.8/1.2

Dynamic load – 1.0/2.0

Table A4: Key operational constraints

Constraint type Limit range
Node voltage (p.u.) 0.9–1.1

Transformer tap ±10%
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