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Abstract

Conventional virtual synchronous generator (VSG) control with fixed parameters cannot
simultaneously achieve fast transient response and effective overshoot suppression, while
adaptive VSG performance depends strongly on empirically tuned gains. This paper pro-
poses an adaptive VSG control method based on an improved Harris Hawks optimization
(IHHO) algorithm. Bounded nonlinear adaptation laws based on arctangent and hyperbolic
tangent functions are developed to achieve smooth adjustment of virtual inertia and damp-
ing within prescribed limits. A dimensionless multi-index objective function is constructed
by combining a normalized time-weighted active-power tracking index with an overshoot
index, thereby balancing tracking accuracy, transient convergence, and overshoot suppres-
sion. To improve the optimization process, the Golden Sine strategy is introduced into the
exploration stage to enhance search directionality, while Cauchy mutation is employed
to maintain population diversity and improve the ability to escape local optima. Under
consecutive active-power steps from 0 to 10 kW and from 10 to 20 kW, the proposed IHHO
achieves overshoots of 5.7% and 7.2%, with settling times of 0.27 s and 0.24 s, respectively.
Compared with the unoptimized adaptive VSG, the overshoot is reduced by 9.4 and 9.7
percentage points, while the settling time is shortened by 0.14 s and 0.13 s, respectively.
Furthermore, the frequency-response analysis shows approximately 50% reductions in the
magnitudes of the negative frequency-deviation peaks and approximately 41% reductions
in the negative ROCOF peaks under the investigated conditions. Comparisons with the
Grey Wolf Optimizer and conventional Harris Hawks optimization further demonstrate
the effectiveness of the proposed IHHO-based adaptive gain-tuning method.

Keywords: virtual synchronous generator; adaptive parameter control; multi-index
optimization; improved Harris Hawks optimization

1. Introduction

With the increasing penetration of wind power, photovoltaic generation, and energy
storage, modern power systems are becoming increasingly dominated by power electronic
converters. The reduction in the proportion of conventional synchronous generation creates
challenges for frequency stability and dynamic support. Virtual synchronous generator
(VSG) control addresses these challenges by reproducing the inertial and damping charac-
teristics of synchronous generators and has received considerable attention in renewable-
energy integration and microgrid applications [1-3]. Studies have examined improved
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virtual-inertia algorithms and synchronverter-based implementations [4,5], as well as
converter-based virtual inertia and the frequency stability of grid-forming converters [6,7].
Other research has investigated transient power-angle stability and droop-based coordina-
tion [8,9]. Frequency regulation has also been studied for grid-forming PMSG-based wind
turbines and weak-grid renewable-energy stations [10,11], while VSG-based frequency
regulation for grid-connected photovoltaic systems and broader multi-area load-frequency
control have also been explored [12,13].

The dynamic characteristics of a VSG are strongly influenced by the virtual inertia |
and the equivalent damping coefficient D;. Previous studies have examined transient angle
stability in systems containing synchronous and virtual synchronous generators, as well
as energy-storage-based VSG coordination [14,15]. Virtual-inertia control in islanded
microgrids and inertial-droop or virtual synchronous machine implementations have
also been investigated [16-18]. Increasing | can suppress rapid frequency variations,
but excessive inertia may slow the transient response. Increasing D, improves damping
and suppresses power oscillations and overshoot, whereas excessive damping may prolong
the settling process. Consequently, fixed parameter settings cannot readily maintain a
satisfactory compromise between response speed and transient performance under different
operating conditions.

The performance of adaptive VSG control also depends on the gains governing the
adaptation laws. In this study, the virtual-inertia adaptation gain k; and the damping
adaptation gain k; determine the adjustment intensity of the corresponding nonlinear
control laws. Improper gain selection may lead either to insufficient transient support
or to excessive parameter variation, making empirical or trial-and-error tuning difficult.
An appropriate optimization framework is therefore needed to evaluate candidate gain
combinations while accounting for active-power tracking, transient duration, and over-
shoot suppression.

Harris Hawks optimization (HHO) is a population-based metaheuristic that alternates
between exploration and exploitation according to the escape behavior of prey [19]. How-
ever, the exploration process may lack sufficient search directionality, while the progressive
concentration of the population around the current optimum can reduce diversity during
later iterations. The Sine Cosine Algorithm is another trigonometric metaheuristic for
continuous optimization [20]. The Golden Sine Algorithm combines sinusoidal position
updating with golden-section information and can enhance search directionality [21,22].
Cauchy-based mutation has been used in other metaheuristic algorithms to combine lo-
cal perturbations with occasional large search steps [23]. A previous HHO variant also
combined the inverse cumulative function of the Cauchy distribution with a tangent-flight
operator [24]. Evolutionary programming has also been studied as a population-based opti-
mization approach [25]. Moreover, the no-free-lunch theorems indicate that no optimization
algorithm is uniformly superior across all possible optimization problems. Therefore, the ef-
fectiveness of an optimizer should be evaluated for the specific optimization task under
consideration [26].

Recent studies have investigated various approaches to adaptive VSG control and
parameter optimization. Fuzzy adaptive inertia control under state-of-charge constraints
and fuzzy self-adaptive control for hybrid microgrids have been studied [27,28]. Coordi-
nated self-adaptive frequency regulation and communication-free adaptive virtual-inertia
control have also been investigated [29,30]. Other studies address adaptive inertia and
damping, including adaptive optimal tuning [31,32]. Beyond adaptive control laws, dif-
ferential evolution (DE) is a population-based method for continuous optimization [33],
and its combination with fuzzy logic has been applied to VSG parameter optimization [34].
Deep reinforcement learning-based parameter self-tuning has also been investigated [35].
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These studies address different aspects of adaptive control and parameter tuning. Building
on this research, the present work focuses on the joint optimization of the virtual-inertia
and damping adaptation gains k; and k; in the proposed nonlinear adaptive control laws.
A dimensionless multi-index objective function is formulated to balance time-weighted
active-power tracking performance and transient overshoot. Furthermore, an improved
Harris Hawks optimization algorithm (IHHO) is developed by integrating the Gold-SA
exploration strategy to improve search directionality and probabilistic Cauchy mutation to
enhance population diversity. The methodological contribution lies in coordinating these
optimization mechanisms with the adaptive control laws and the multi-index objective
function for constrained joint gain tuning, rather than claiming either mechanism as a novel
standalone operator. The effectiveness of the proposed framework is evaluated through
comparative simulations and ablation experiments.

Contribution
The main contributions of this work are summarized as follows:

(1) Abounded nonlinear adaptive control mechanism is designed for the VSG. Arctangent
and hyperbolic tangent functions are combined to establish smooth state-dependent
adjustment laws for virtual inertia and damping, allowing the controller to provide
stronger transient support during disturbances while gradually recovering toward
the nominal operating state and avoiding abrupt or excessive parameter variation.

(2) A multi-index optimization objective is constructed for adaptive-gain tuning.A time-
weighted active-power tracking index and a transient overshoot index are formu-
lated in dimensionless form and integrated through a weighted aggregation strategy.
This formulation simultaneously accounts for tracking accuracy, transient duration,
and overshoot suppression, providing a quantitative alternative to trial-and-error gain
selection.

(3) Animproved HHO algorithm is developed by integrating the Gold-SA exploration
strategy and probabilistic Cauchy mutation. Gold-SA is introduced to improve search
directionality, whereas Cauchy mutation enhances population diversity and provides
opportunities to escape local optima. By combining these complementary mechanisms,
the proposed IHHO aims to improve the search performance in the joint optimization
of the virtual-inertia and damping adaptation gains.

2. VSG Active Power-Frequency Model and Parameter Adaptive
Control Strategy

2.1. Control Structure of the VSG Grid-Connected Inverter

Figure 1 shows the control structure of the VSG grid-connected inverter. A three-phase
voltage-source inverter is used as the main circuit, with the PCC voltages and currents
sampled to obtain the system states. After coordinate transformation and power calculation,
the active power P and reactive power Q) are obtained. Based on Py, Q,f, and the measured
output power, the VSG control loop generates the angular frequency w, phase angle 6,
and internal electromotive force E, while the voltage/current dual-loop controller and
SPWM generate the switching signals. Since this study focuses on the VSG dynamic
response under active-power disturbances, the following analysis mainly considers the
effects of | and D), in the active power—frequency loop.
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Figure 1. Overall Framework of IHHO-Based Adaptive Parameter Control for VSG.

2.2. Analysis of VSG Active Power—Frequency Dynamic Characteristics

By emulating the rotor motion characteristics of a conventional synchronous generator,
the VSG enables the grid-connected inverter to provide a certain degree of virtual inertia
and damping support. Its active power—frequency dynamic characteristics can be described
by the rotor motion equation of a synchronous generator as follows:

‘Z—“’:Tm—Te—D(w—wo)

! (1)
@—w—w

it 0

where | is the rotor moment of inertia; T}, is the mechanical torque; T, is the electromagnetic
torque; D is the damping coefficient; and w and wj denote the actual angular frequency
and rated angular frequency of the VSG, respectively.

To emulate the primary frequency regulation characteristics of a synchronous genera-
tor, the VSG adopts active power—frequency droop control, and its equivalent mechanical
power reference can be expressed as:

Pm:Pref+kP<w0_w) (2)

where P, is the reference active power, and k is the active power—frequency droop coeffi-
cient.

By converting the torque terms into power form and combining them with Equa-
tion (2), the VSG active power—frequency dynamics are linearized around the rated angular
frequency wy. Defining the equivalent damping coefficient as D, = (k, + Dwy)/wy,
the resulting control structure is illustrated in Region B of Figure 1.
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As shown in Region B of Figure 1, ] and D), are the key parameters governing the VSG
active power—frequency dynamics. Small-signal analysis around the equilibrium point
gives the natural frequency and damping ratio as:

Ks
Jwo 3)
_ Dy [wy
2 JK;

wy =

where K; is the synchronizing power coefficient.

The selection of the virtual inertia ] and damping coefficient D, should satisfy both
frequency stability requirements and transient dynamic performance constraints. Un-
der steady-state conditions, the active power—frequency characteristic of the VSG follows
the droop relationship. To ensure that the steady-state angular frequency deviation does not
exceed the allowable limit Aw,jjoyw under the maximum power deficit APyax, the damping

coefficient should satisfy:
AIjl'l’laX

Dy > Dymin = —————
P P WoAWaliow

4)

where AP,y is the maximum active power deficit and Aw,jjoy is the allowable angular
frequency deviation. To achieve a reasonable compromise between oscillation suppres-
sion and dynamic response, the damping ratio is selected as { = 0.707. According to
Equation (3), the corresponding reference damping coefficient can be derived as:

[ JKs JKs
D =2 — =~ 1414, — 5
pref C wo wo ( )

The virtual inertia | determines the ability of the VSG to suppress rapid frequency
variations. During a sudden power disturbance, the initial rate of change of frequency
(RoCoF) is mainly governed by the inertial response. To satisfy the allowable maximum
angular frequency variation rate, the lower bound of virtual inertia can be expressed as:

AP
J 2 Jmin = — 1 (6)

max

where APgtep, represents the active power disturbance magnitude, and |dw/dt|,,, denotes
the allowable maximum angular frequency variation rate. However, excessive virtual
inertia may slow down the system response. For an approximately second-order system,
the settling time under the 2% tolerance criterion can be estimated as:

4 4 ]wo
ts ~ =~/ == < treq
s Teon VK = req

(trqu)sz
16(4]0 '

]S]max:

where treq denotes the maximum allowable settling time. Therefore, the selection of | and
D, should consider frequency deviation, RoCoF, damping performance, and settling time
simultaneously. These constraints provide a theoretical basis for determining the allowable
parameter ranges in the subsequent adaptive control strategy.

Equation (3) shows that increasing | lowers the natural oscillation frequency and
smooths frequency variations, but excessive inertia slows the dynamic response. Increasing
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D, improves damping and suppresses power oscillations and overshoot, whereas excessive
damping may prolong the settling process. Therefore, fixed | and D, values cannot easily
balance response speed, overshoot suppression, and stability.

It should be noted that the small-signal relations in Equation (3) are derived under
the assumption that ] and D), are constant around an equilibrium point. In the proposed
adaptive controller, both parameters vary with the system operating state within their
prescribed bounds. Therefore, the fixed-parameter small-signal analysis provides a theoret-
ical reference for parameter selection but does not, by itself, establish the stability of the
complete time-varying system. The bounded frequency-deviation and ROCOF responses
observed in the simulations indicate satisfactory transient behavior under the investigated
operating conditions; however, they do not constitute a general stability proof for all possi-
ble conditions. A rigorous stability analysis of the complete time-varying adaptive system
remains an important direction for future research.

2.3. Adaptive Control Strategy for Virtual Inertia and Damping Parameters

When the active power command changes, the VSG angular frequency and its rate
of change exhibit transient variations. A large rate of change requires an increase in | to
suppress rapid frequency variation, while a large frequency deviation requires a higher
D, to reduce oscillations and power overshoot. As the transient response subsides, | and
D, approach the steady-state values determined by the adaptive laws and the prescribed
saturation bounds. When the frequency deviation approaches zero, the adaptive laws drive
J and D, toward their nominal values Jo and D, respectively, provided that these nominal
values satisfy the prescribed bounds.

To achieve smooth and continuous parameter adjustment, nonlinear adaptive laws
based on the arctan and tanh functions are adopted. Their smooth and saturating char-
acteristics allow | and D), to vary with the frequency deviation and its rate of change,
while upper and lower bounds prevent parameter violations. The corresponding piecewise
adaptive functions are expressed as:

2k;arctan(10]x1|) [1 + tanh(0.1x;x;) 1 — tanh(0.1x1x7)

J*(x1,%2) = Jo + - 5 +0.1 > ,
]max/ ]*(xll xz) > ]max/ (8)
J(x1,%2) = 4 Jimin, J*(x1,%2) < Jmin,

]*(Xl,XZ), ]min < ]*(xler) < ]max-

3
Dy (x1) = Dyo + E”kd tanh(0.1|x1]),

meax/ D;(xl) > meax/ (9)
Dp(xl) = mein/ D;(xl) < meinl

D;(xl)/ mein < D;;<x1> < meax-

where Jo and D,y are the initial values of the virtual inertia and damping coefficient,
respectively; k; is the adaptive gain of the virtual inertia, which regulates the variation
magnitude of | during the transient process; k, is the adaptive damping gain, which adjusts
the variation magnitude of Dy; and Jmin, Jmax, Dpmin, and Dpmax denote the lower and
upper bounds of the virtual inertia and damping coefficient, respectively. x; = w — wp
denotes the angular frequency deviation (rad/s), and x, = dw/dt represents the rate
of change of angular frequency (rad/s?), w and wy are the actual and nominal angular
frequencies, respectively.
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The proposed adaptive mechanism enables | and D, to vary continuously with the
transient operating state. However, its dynamic performance remains sensitive to the
selection of k; and k. Small values may result in insufficient parameter adjustment, whereas
excessively large values may lead to over-adjustment and degraded transient performance.
Therefore, empirical tuning cannot reliably provide a satisfactory compromise between
response speed and overshoot suppression. To address this problem, the next section first
formulates a multi-index optimization objective for evaluating active-power tracking and
transient overshoot. An improved Harris Hawks optimization method is then developed
to solve the resulting optimization problem and determine k; and k, systematically.

3. Multi-Index Adaptive-Gain Optimization Based on Improved Harris
Hawks Optimization

3.1. Construction of the Multi-Index Optimization Objective

The tuning of k; and k, is formulated as a constrained optimization problem. For the
i-th candidate solution, the decision vector is defined as

Xi = [kji, kai], (10)
subject to
0.01<kj <3,  5<ks<50. (11)

For each candidate solution X;, the corresponding values of k; and k; are transferred to
the VSG simulation model. The operating conditions, including the active-power reference
profile and disturbance sequence, are predefined in the simulation model. After each
simulation, the active-power reference P,¢(f) and the measured active power P(t) are used
to evaluate the performance of the candidate solution.

Since the objective of adaptive-gain optimization is to improve active-power tracking
while suppressing excessive transient overshoot, the power-tracking error and overshoot
are selected as the performance indices.

The normalized active-power tracking error is defined as

€p(t) — Pref<t> _P(t>l (12)
Py
where Py denotes the rated active power of the VSG. To penalize both large tracking errors
and errors persisting for a long duration, the integral of time-weighted squared error (ITSE)

is adopted as the power-tracking performance index:

2

)
b

T
Ip /O ! tlep(t)]?dt, (13)

where Ty denotes the total simulation time. The factor 2/ Tj% is introduced to obtain a
dimensionless performance index. The time weighting in [p increases the penalty assigned
to tracking errors that persist for a longer duration. Consequently, the index reflects not only
the magnitude of the active-power tracking error but also the speed at which the transient
response converges. This avoids introducing settling time as a separate discontinuous
objective while still accounting for transient duration in the optimization process.
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To quantify the transient overshoot, the reference-power transitions contained in Pye¢(t)
are identified from the simulation model. For the m-th reference transition, the power
variation is expressed as

AP, = P* P-

refm ~ *ref,m’

(14)

where P, and P, denote the active-power references immediately before and after the
m-th transition, respectively. The direction of the reference variation is defined as

sm = sgn(APy,). (15)

Accordingly, the overshoot ratio associated with the m-th reference transition is defined as

su(P() = P)
Mpm = fé‘%ﬁ max |0, APy ,

(16)
where (),, denotes the transient observation interval corresponding to the m-th reference
transition. This definition is applicable to both increasing and decreasing active-power
commands. When N; reference-power transitions occur during the simulation, the overall
overshoot performance index is defined as

1 N,
Jo= N. Z Mp,m' (17)
5 m=1

Both Jp and Jp are dimensionless. Therefore, the overall fitness function for adaptive-
gain optimization is formulated as

F(kj, k4) = ApJp + AoJo, (18)

where Ap and Ap denote the weighting coefficients associated with active-power tracking
performance and overshoot suppression, respectively, satisfying

Ap+Ap =1, Ap >0, Ao = 0. 19)

The two indices characterize different aspects of the transient response. The tracking
index reflects both tracking accuracy and convergence behavior, whereas the overshoot
index explicitly penalizes excessive transient peaks. Since both indices are dimension-
less, their relative importance can be adjusted directly through the weighting coefficients.
The weighted formulation therefore provides an explicit trade-off between active-power
tracking performance and overshoot suppression without allowing either index to domi-
nate merely because of its numerical scale.The weighting coefficients determine the relative
importance assigned to active-power tracking and overshoot suppression. Once selected,
the same weighting coefficients are used for all optimization algorithms to ensure a consis-
tent and fair comparison.In this study, the weighting coefficients are set to Ap = 0.5 and
Ao = 0.5, assigning equal weights to active-power tracking performance and overshoot
suppression in the objective function.

A smaller value of F(kj, k;) indicates better overall transient performance. Candidate
solutions that result in simulation failure, numerical divergence, or unstable operation
are assigned a sufficiently large penalty fitness value so that they are excluded from the
subsequent optimal-solution selection.

https://doi.org/10.3390/asi9110230
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3.2. Basic Principles and Limitations of HHO

The HHO algorithm is a swarm intelligence method. Its search process includes global
exploration and local exploitation, with the current best individual regarded as the prey.
The transition between the two stages is governed by the prey escape energy E:

E(t) = 2E, (1 - ;) 20)

where Ej € [—1,1] is the randomly generated initial escape energy of the prey, t denotes
the current iteration number, and T is the maximum number of iterations.

When |E| > 1, HHO performs global exploration; when |E| < 1, it switches to local
exploitation using strategies such as soft besiege, hard besiege, and Lévy-flight-based rapid
dives. Although HHO has a simple structure and few control parameters, its exploration
stage is highly random and lacks search directionality. Moreover, population diversity
decreases as iterations proceed, increasing the risk of local optima. Therefore, HHO is
improved by enhancing global exploration directionality and strengthening its ability to
escape local optima.

3.3. Exploration Mechanism Based on the Golden Sine Strategy

To reduce the randomness and improve the search directionality of HHO, the Gold-
SA is introduced into the exploration stage. By combining sinusoidal search with the
golden-section mechanism, Gold-SA improves the use of current optimal information while
maintaining population diversity.

Specifically, Gold-SA modifies the hawk position update rule. With the golden ratio
T ~ 0.618, when |E| > 1 at the t-th iteration, the position update equation is given by:

Xnew (t+1) = X;(t)[sin(Rq)| — Ra sin(Rq)| 81 Xprey (£) — 2Xi(t)]. (21)

where X;(t) is the position of the i-th hawk at iteration ¢, and Xprey(t) is the current
global optimum. R; € [0,27] and R; € [0, 1] are random variables. The golden-section
coefficients are defined as g1 = —m+ (1 — 1) -2m and ¢» = —m + 7 - 27, respectively,
to regulate the search range.

This update strengthens the guidance of the current optimum, reduces blind random
exploration, and provides better candidate regions for subsequent local exploitation.

3.4. Cauchy Mutation Strateqy and IHHO Algorithm Procedure

During later iterations, the HHO population converges toward the current optimum,
reducing population diversity and increasing the risk of premature convergence. To im-
prove the ability to escape local optima, a Cauchy Mutation Mechanism (CMM) is intro-
duced after position updating. Due to its heavy-tailed distribution, Cauchy mutation can
generate both local perturbations and occasional large search steps, thereby preserving
local exploitation while enhancing global exploration.

Wang et al. proposed an HHO variant that combines the inverse cumulative function of
the Cauchy distribution with a tangent-flight operator [24]. In contrast, the proposed IHHO
integrates Gold-SA-based exploration into the exploration stage and applies probabilistic
Cauchy mutation to the current global optimum after position updating. The mutated
candidate is accepted only if it yields a lower objective-function value. Therefore, the con-
tribution of this study does not lie in the standalone use of Cauchy-based operators, but in
the coordination of Gold-SA-based exploration and probabilistic Cauchy mutation within
the HHO framework, and their application to the constrained joint optimization of the VSG
adaptation gains k; and k; using the proposed multi-index objective function.

https:/ /doi.org/10.3390/asi9110230
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Accordingly, the current global optimum Xprey is subjected to the following Cauchy
mutation operation:

Xprey = Xprey +a-C (22)

where C is a perturbation vector independently sampled from the standard Cauchy distri-

bution in each dimension, and « is the scaling factor used to regulate the mutation intensity.

A commonly used and numerically stable sampling method is the inverse transform
method:

C =y -tan(m(u —0.5)), u~U,1) (23)

where 7 is the scale parameter (y > 0), which controls the width of the distribution.

The Cauchy perturbation vector C is substituted into Eq. (22) to generate a mutated
candidate X oy
function defined in Section 3.1. If the mutated candidate provides a lower fitness value

The fitness of the mutated candidate is evaluated using the objective

than the current global optimum, it replaces Xprey; otherwise, the original global optimum
is retained. To avoid excessive perturbation of the exploitation process, Cauchy mutation
is applied to the current optimal solution with probability P.. In this study, the Cauchy
mutation scaling factor is set to & = 0.1, the scale parameter of the Cauchy distribution is
set to v = 1, and the mutation probability is set to P. = 0.2. These parameters are kept
fixed throughout the optimization process.

The heavy-tailed property of the Cauchy distribution enables the current optimum to
perform local neighborhood search while retaining the possibility of large-step perturba-
tions, thereby improving the ability to escape local optima. Combined with the Gold-SA
exploration strategy, the proposed method improves both the global search directionality
and the population diversity of conventional HHO, forming the IHHO algorithm.

In summary, the Gold-SA strategy is employed to enhance the search directionality of
HHO during the exploration stage, while Cauchy mutation is introduced to improve the
algorithm’s ability to escape from local optima during the later stages of iteration, thereby
forming the IHHO algorithm. The overall optimization procedure of the proposed IHHO
is illustrated in Figure 2.

During each IHHO iteration, the fitness value of each candidate solution is calculated
according to Equation (18), and the candidate with the minimum fitness is regarded as the
current global optimum Xprey. The HHO framework described in Section 3.2 is used as the
basic search mechanism, the Gold-SA-based exploration strategy presented in Section 3.3
enhances global exploration, and the Cauchy mutation mechanism introduced in Section 3.4
is employed to improve the ability to escape from local optima. The optimization process
continues until the maximum number of iterations is reached. The optimal adaptive gains
are finally obtained as

[k;-‘, kﬂ = argmin  F(kj, kg). (24)
0.01<k;<3,5<k; <50
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Figure 2. Flowchart of the IHHO Algorithm Integrating the Golden Sine Strategy and Cauchy
Mutation.

4. Simulation Validation and Performance Analysis

4.1. Simulation Parameter Settings

To verify the effectiveness of the proposed IHHO-based VSG adaptive parame-
ter control strategy, a grid-connected inverter simulation model is established in MAT-
LAB/Simulink. The system and control parameters are listed in Table 1, while the opti-
mization and performance-evaluation settings are summarized in Table 2.

To ensure that the virtual inertia and damping parameters remain within reasonable
ranges throughout the adaptive adjustment process, the parameter variation ranges are set

as 0.01 < ] <3.5and 9.51 < D, < 40, taking into account the system stability requirements
and simulation parameter settings.

Table 1. System and Control Parameters.

Parameter

Value Parameter Value
DC Voltage/V 800  Rated Output Frequency/Hz 50
Equivalent Inductance Leq/mH 5.2 Switching Frequency/kHz 10
Filter Capacitance/uF 20 Phase Voltage Amplitude/V 311
Rated Power/kW 20 Jo 0.2

Dyo 10 Droop Coefficient k,, 3.142

Synchronizing Coefficient K 86.6

All optimization algorithms are evaluated under the same system and operating
conditions. The common optimization settings are listed in Table 2. The controller-specific
adaptive gains obtained by different optimization methods are presented in Section 4.3.
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Table 2. Optimization and Performance-Evaluation Settings.

Parameter Value Parameter Value
Population Size N 30 Maximum Iterations T 50
Search Range of k; [0.01, 3] Search Range of k,; [5,50]
Objective Weight Ap 0.5 Objective Weight Ao 0.5
Cauchy Mutation Scale Factor « 0.1 Cauchy Distribution Parameter vy 1
Cauchy Mutation Probability P, 0.2 Boundary Handling Boundary Clipping
Observation Window () [0.2,1.0) Observation Window (), [1.0, T¢]
Objective-Evaluation Simulation Duration Ty /s 2 Settling-Time Tolerance 2%

4.2. Dynamic Performance Comparison Between the Fixed-Parameter VSG and the Unoptimized
Adaptive VSG

To evaluate the effectiveness of the adaptive parameter control mechanism indepen-
dently of intelligent optimization, the dynamic responses of the fixed-parameter VSG and
the unoptimized adaptive VSG are compared under identical system parameters and oper-
ating conditions. In the fixed-parameter VSG, the virtual inertia | and damping coefficient
D, remain constant throughout operation. In contrast, the adaptive VSG adjusts ] and Dy, in
real time according to the angular frequency deviation and its rate of change. The adaptive
gains of the unoptimized VSG are set to k; = 1.47 and k; = 10, without applying any
intelligent optimization algorithm. This comparison is designed to isolate the contribution
of the adaptive control mechanism to the transient response. Two consecutive active-power
reference steps are applied at t; = 0.2s and t; = 1.0, corresponding to power transitions
from 0 to 10 kW and from 10 to 20 kW, respectively. The resulting active-power responses
are compared in Figure 3, and the corresponding overshoot and settling-time indices are

summarized in Table 3.

4
2510

— Adaptive VSG control without optimization|

15 — Fixed VSG par

PIW

0.5~

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
t/s

Figure 3. Comparison of Active Power Dynamic Responses Between the Fixed-Parameter VSG and
the Unoptimized Adaptive VSG.

Table 3. Dynamic Performance Comparison Between the Fixed-Parameter VSG and the Unoptimized
Adaptive VSG.

Step Condition Control Strategy Overshoot (%) Settling Time (s)
Unoptimized Adaptive VSG 15.1 0.41
0= 10kW " Fived-Parameter VSG 23.58 0.80
Unoptimized Adaptive VSG 16.9 0.37
10 200W " Eixed-Parameter VSG 26.22 0.67
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As shown in Table 3, when the active-power reference steps from 0 to 10 kW at
t = 0.2, the fixed-parameter VSG exhibits an overshoot of 23.58% and a settling time
of approximately 0.80 s. With unoptimized adaptive control, the overshoot decreases
to 15.1% and the settling time to 0.41 s, corresponding to reductions of 8.48 percentage
points and 0.39 s, respectively. Att = 1.0s, the active-power reference increases from 10
to 20 kW. The fixed-parameter VSG exhibits an overshoot of 26.22% and a settling time of
approximately 0.67 s. In comparison, the unoptimized adaptive VSG reduces the overshoot
to 16.9% and the settling time to 0.37 s, corresponding to reductions of 9.32 percentage
points and 0.30 s, respectively. These results demonstrate that adaptive adjustment of the
virtual inertia and damping coefficient improves the transient response under consecutive
active-power steps. Further improvements through intelligent optimization of the adaptive
gains are investigated in Section 4.3.

4.3. Comparison of VSG Dynamic Performance Under Different Optimization Algorithms
4.3.1. Dynamic Performance Comparison

To further evaluate the effectiveness of the proposed IHHO algorithm in optimizing
the adaptive gains of the VSG, the dynamic performances of the unoptimized adaptive
VSG and the GWO-, HHO-, and IHHO-optimized adaptive VSGs are compared under
identical system parameters and operating conditions. The Grey Wolf Optimizer (GWO) is
included as a benchmark metaheuristic for comparison [36]. The adaptive gains obtained
using the different control strategies are listed in Table 4. The active-power responses under
two consecutive reference steps are shown in Figure 4, and the corresponding overshoot
and settling-time indices are summarized in Table 5.

Table 4. Adaptive Gains Used by Different Control Strategies.

Control Strategy Jo Dp0 k; kg

Unoptimized Adaptive VSG 0.2 10 1.47 10

GWO-Optimized Adaptive VSG 0.2 10 1.48 17

HHO-Optimized Adaptive VSG 0.2 10 1.35 20

IHHO-Optimized Adaptive VSG 0.2 10 0.96 30
x 10*

2.5

—IHHO-optimized adaptive control
E HHO-optimized adaptive control
a GWO-optimized adaptive control
—Adaptive VSG control without optimizati

0.5

o I I I L
0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

tis

Figure 4. Comparison of Active-Power Dynamic Responses of Adaptive VSGs Under Different
Optimization Algorithms.
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Table 5. Dynamic Performance Comparison of Adaptive VSGs Under Different Optimization Algo-

rithms.
Step o Settling Time
Condition Control Strategy Overshoot (%) ©)
Unoptimized Adaptive VSG 15.1 0.41
0 — 10 kW GWO-Optimized Adaptive VSG 12.4 0.42
HHO-Optimized Adaptive VSG 10.5 0.39
IHHO-Optimized Adaptive VSG 57 0.27
Unoptimized Adaptive VSG 16.9 0.37
GWO-Optimized Adaptive VSG 14.5 0.36
10=20kW {1H0.0ptimized Adaptive VSG 119 0.26
IHHO-Optimized Adaptive VSG 7.2 0.24

As shown in Table 5, for the first active-power reference step from 0 to 10 kW, the
unoptimized adaptive VSG exhibits an overshoot of 15.1% and a settling time of 0.41 s.
After optimization using GWO, the overshoot decreases to 12.4%, while the settling time is
0.42 s. Although GWO reduces the overshoot by 2.7 percentage points, the settling time
increases slightly by 0.01 s. HHO further reduces the overshoot to 10.5% and the settling
time to 0.39 s. The proposed IHHO achieves the best performance, with an overshoot of
5.7% and a settling time of 0.27 s, corresponding to reductions of 9.4 percentage points
and 0.14 s, respectively, compared with the unoptimized adaptive VSG. For the second
active-power reference step from 10 to 20 kW, the unoptimized adaptive VSG exhibits
an overshoot of 16.9% and a settling time of 0.37 s. GWO reduces these values to 14.5%
and 0.36 s, respectively, whereas HHO achieves an overshoot of 11.9% and a settling time
of 0.26 s. The proposed IHHO further reduces the overshoot to 7.2% and the settling
time to 0.24 s. Compared with the unoptimized adaptive VSG, these results correspond
to reductions of 9.7 percentage points in overshoot and 0.13 s in settling time. Overall,
the results show that optimization of the adaptive gains improves the transient performance
of the VSG, with IHHO achieving the lowest overshoot and the shortest settling time under
both power-step conditions. Compared with GWO and HHO, IHHO provides a more
favorable balance between overshoot suppression and response speed.

4.3.2. Frequency Deviation and ROCOF Analysis

To further evaluate the frequency-response characteristics of the four control strategies,
the frequency deviation and rate of change of frequency (ROCOF) are analyzed under
the two consecutive active-power reference steps at t = 0.2s and f = 1.0s. The baseline
parameters are kept identical, while the adaptive gains are selected according to the values
reported in Section 4.3.1.

As shown in Figure 5, the IHHO-optimized adaptive VSG exhibits smaller frequency
excursions, particularly during the negative-deviation stage following each power step.
The estimated negative frequency-deviation peaks are approximately —0.019 Hz and
—0.021 Hz for the first and second steps, respectively, compared with approximately
—0.038 Hz and —0.042 Hz for the unoptimized adaptive VSG. These results correspond
to reductions of approximately 50% in the magnitudes of the negative frequency devia-
tions. The positive frequency-deviation peaks are also slightly lower than those of the
unoptimized strategy. Overall, the results indicate that the IHHO-optimized gains improve
frequency- deviation suppression under consecutive power-reference changes.
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Figure 5. Frequency Deviation Responses of the Four Control Strategies Under Two Consecutive

Active—Power Steps.

As shown in Figure 6, the IHHO-based adaptive controller reduces the magnitude
of the negative ROCOF peaks and suppresses subsequent oscillations. The estimated
negative ROCOF peaks are approximately 1.20Hz/s and 1.26 Hz/s in magnitude for
the two power steps, representing reductions of approximately 41% compared with the
corresponding values of the unoptimized adaptive VSG. Moreover, the secondary positive
ROCOF peaks decrease from approximately 0.62Hz/s to 0.26 Hz/s after the first step,
and from approximately 0.68 Hz/s to 0.28 Hz/s after the second step. These reductions
demonstrate the improved suppression of subsequent ROCOF oscillations. The later
negative excursions are also smaller, and the ROCOF curves return close to zero as the

transient response subsides.

—IHHO-optimized adaptive control

3 HHO-optimized adaptive control
GWO-optimized adaptive control

—Adaptive VSG control without imizati

dffdt(Hz/s)
T

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

Figure 6. ROCOF Responses of the Four Control Strategies Under Two Consecutive Active—Power
Steps.

Taken together, the frequency-deviation and ROCOF responses demonstrate that the
IHHO-optimized adaptive control strategy effectively suppresses frequency excursions,
reduces negative ROCOF peaks, and mitigates subsequent transient oscillations under
consecutive active-power steps. These results complement the active-power response
comparisons and further illustrate the benefits of optimizing the adaptive gains.

4.3.3. Adaptive Inertia and Damping Dynamics Under Different Control Strategies

To further investigate the effects of different optimized adaptive gains on the internal
dynamics of the VSG controller, the variations in virtual inertia | and damping coefficient
D, are compared under the four control strategies considered in Section 4.3.1. The baseline
parameters are kept identical, while the adaptive gains are selected according to the values
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reported in the corresponding parameter table. The comparison focuses on the transient
adjustment characteristics, subsequent oscillations, and recovery of the adaptive parameters
following the two consecutive active-power reference steps.

As shown in Figure 7, the IHHO-optimized adaptive controller exhibits a more mod-
erate virtual-inertia peak than the other three strategies. The peak value is approximately
1.0, whereas the corresponding peaks of the HHO-, GWO-, and unoptimized adaptive
controllers are approximately 1.31, 1.41, and 1.42, respectively, as estimated from the plot-
ted curves. In addition, the IHHO curve exhibits relatively small secondary fluctuations
following both power steps. The virtual inertia subsequently returns toward its baseline
value of Jy = 0.2. These observations indicate that the IHHO-optimized gains produce a
more moderate inertia-adjustment trajectory with reduced subsequent oscillations during
the transient process.

1.6

1.4~

~—IHHO-optimized adaptive control
HHO-optimized adaptive control
GWO-optimized adaptive control
— Adaptive VSG control without

1.2-

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

Figure 7. Dynamic Responses of Virtual Inertia | Under Different Control Strategies.

Figure 8 shows that the IHHO-optimized controller produces a more pronounced
transient increase in the damping coefficient. Its peak is approximately 21.8, compared
with approximately 18.0, 16.9, and 14.3 for the HHO-, GWO-, and unoptimized adaptive
controllers, respectively, as estimated from the plotted curves. Following the initial peak,
the IHHO-based damping coefficient decreases toward its baseline value of Dy = 10,
while the subsequent fluctuations remain relatively small. A similar response pattern
is observed after the second power step. This behavior illustrates the stronger transient
damping adjustment produced by the IHHO-optimized gains and the subsequent recovery
of the damping coefficient.

22—

—IHHO-optimized adaptive control
HHO-optimized adaptive control
GWO-optimized adaptive control

— Adaptive VSG control without optimization

20

18

14

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

Figure 8. Dynamic Responses of the Damping Coefficient D, Under Different Control Strategies.

https://doi.org/10.3390/asi9110230


https://doi.org/10.3390/asi9110230

Appl. Syst. Innov. 2026, 9, 230

17 of 32

Taken together, the trajectories of | and D, demonstrate that the optimized adaptive
gains influence the two parameters in different but complementary ways. The IHHO-
based controller exhibits a more moderate inertia peak and a more pronounced transient
damping adjustment, while both parameters return toward their respective baseline values
after the power disturbances. These parameter trajectories provide further insight into
the adaptive behavior of the proposed controller and complement the active-power and
frequency-response comparisons presented in Sections 4.3.1 and 4.3.2.

4.4. Additional Operating Conditions and Disturbance Robustness Analysis

To further evaluate the applicability and disturbance response of the proposed IHHO-
based adaptive VSG control strategy, additional simulations and discussions are conducted
under operating conditions beyond the baseline comparisons. The analysis considers
different active-power reference steps and grid-frequency fluctuations.

4.4.1. Validation Under Different Power-Step Conditions

To further evaluate the adaptability of the proposed IHHO-optimized adaptive VSG
control strategy under different power-reference variations, an additional simulation is
conducted with three consecutive active-power reference steps. Specifically, the power
reference changes from 0 to 5kW at t = 0.5s, from 5 to 15kW att = 1.5s, and from 15
to 10kW at t = 2.5s. The controller parameters remain unchanged from those used in
the preceding sections. The fixed-parameter VSG and the IHHO-optimized adaptive VSG
are compared to investigate their transient responses under different step amplitudes and
directions. The corresponding peak deviations and settling times are summarized in
Table 6.

Table 6. Transient Performance Under Different Power-Step Conditions.

. Peak Settling Time
Step Condition Control Strategy Deviation (%) ©)
0—5kW Fixed-Parameter VSG 36 0.77
IHHO-Optimized Adaptive VSG 12 0.33
5 —= 15kW Fixed-Parameter VSG 25 0.68
IHHO-Optimized Adaptive VSG 7 0.26
15 — 10kW Fixed-Parameter VSG 38 0.74
IHHO-Optimized Adaptive VSG 12 0.23

As shown in Figure 9, the IHHO-optimized adaptive VSG exhibits smaller transient
power deviations and weaker oscillations than the fixed-parameter VSG under all three
power-reference steps. For the first step from 0 to 5kW, the peak power of the IHHO-
based controller is approximately 5.6 kW, whereas that of the fixed-parameter VSG reaches
approximately 6.8 kW. The corresponding overshoot magnitudes are approximately 0.6 kW
and 1.8 kW, respectively, equivalent to overshoot rates of approximately 12% and 36%
relative to the step amplitude. The estimated settling times, based on the 2% error band,
are approximately 0.33 s for the IHHO-based controller and 0.77 s for the fixed-parameter
VSG. These results indicate that the proposed controller reduces the initial overshoot and
accelerates the recovery of the active power.

For the second step from 5 to 15kW, the peak power of the fixed-parameter VSG
reaches approximately 17.5 kW, while that of the IHHO-based controller is approximately
15.7kW. The corresponding overshoot magnitudes are approximately 2.5kW and 0.7 kW,
representing overshoot rates of approximately 25% and 7%, respectively, relative to the
10 kW step amplitude. The estimated settling times are approximately 0.68 s for the fixed-
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parameter VSG and 0.26s for the IHHO-based controller. In addition to the smaller
overshoot, the IHHO-based controller exhibits a smoother recovery process, whereas
the fixed-parameter VSG shows a pronounced undershoot and subsequent oscillations
before approaching the new reference value.

18,000

— IHHO-optimized adaptive control

16,000 — Fixed VSG parameters

14,000
12,000

E 10,000
8000
6000
4000

2000

0
0.5 1 15 2 25 3 3.5

Figure 9. Active—Power Responses of the Fixed —Parameter VSG and the IHHO—Optimized Adap-
tive VSG Under Three Consecutive Power —Reference Steps.

The third step, from 15 to 10 kW, examines the response to a decreasing power refer-
ence. The minimum output power of the fixed-parameter VSG is approximately 8.1 kW,
compared with approximately 9.4 kW for the IHHO-based controller. The corresponding
undershoot magnitudes are approximately 1.9 kW and 0.6 kW, equivalent to approximately
38% and 12% of the 5 kW step amplitude, respectively. The estimated settling times are
approximately 0.74 s for the fixed-parameter VSG and 0.23 s for the IHHO-based controller.
The smaller undershoot and weaker subsequent oscillations demonstrate the improved
response to a downward power-reference change.

Overall, the additional simulation demonstrates that the IHHO-optimized adaptive
VSG provides improved transient active-power regulation under both increasing and
decreasing power-reference steps. Compared with the fixed-parameter VSG, the proposed
controller reduces the overshoot or undershoot and shortens the settling time in all three
tested cases. Importantly, the same optimized adaptive gains are retained throughout
the entire simulation without re-optimization for individual operating conditions. These
results provide further evidence of the adaptability of the proposed control strategy under
different power-reference variations.

4.4.2. Robustness Under Grid-Frequency Fluctuations

To further evaluate the robustness of the proposed IHHO-optimized adaptive VSG
control strategy against grid-frequency disturbances, an additional simulation is conducted
with a constant active-power reference of 20kW. At t = 3.0s, the grid frequency increases
from 50 to 50.2 Hz and remains at this level for 0.1s. Att = 3.1s, the grid frequency
returns to its nominal value of 50 Hz. The fixed-parameter VSG and the IHHO-optimized
adaptive VSG are compared using the same controller parameters as those in the preceding
simulations. The frequency deviation in this test is calculated as the difference between the
instantaneous VSG frequency and the grid frequency.

As shown in Figure 10, the grid-frequency disturbance causes a noticeable active-
power reduction in both control strategies. The minimum power of the fixed-parameter
VSG is approximately 11.1 kW, whereas that of the IHHO-optimized adaptive VSG is
approximately 12.3kW. Relative to the initial power of 20kW, the maximum power
reduction decreases from approximately 8.9 kW to 7.7 kW, corresponding to a reduction of
approximately 13.5%.
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Figure 10. Active—Power Responses Under the Grid—Frequency Disturbance.

After the grid frequency returns to 50 Hz at t = 3.1 s, the fixed-parameter VSG exhibits
a pronounced power overshoot, reaching approximately 22.5kW, followed by several
oscillations. In contrast, the IHHO-optimized adaptive VSG reaches a maximum of ap-
proximately 20.7 kW and exhibits smaller subsequent oscillations. The recovery-stage
power overshoot is therefore reduced from approximately 2.5 kW to 0.7 kW, representing a
reduction of approximately 72%.

Figure 11 shows the corresponding frequency-deviation responses. When the grid
frequency increases at t = 3.0's, both strategies exhibit an initial negative frequency devia-
tion of approximately —0.2 Hz. Following the restoration of the nominal grid frequency
at t = 3.1s, the fixed-parameter VSG exhibits a positive frequency-deviation peak of
approximately 0.248 Hz, whereas the IHHO-based controller limits this peak to approxi-
mately 0.154 Hz. This corresponds to a reduction of approximately 37.9%. Furthermore,
the magnitude of the subsequent negative frequency-deviation peak decreases from ap-
proximately 0.073 Hz to 0.019 Hz, representing a reduction of approximately 74.0%. The
smaller secondary oscillations indicate improved frequency-deviation suppression during
the recovery process.
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0.15 —IHHO-optimized adaptive control

— Fixed VSG

0.1
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AfIHz

-0.05
-0.1
-0.15

-0.2 1 1 !

3 3.2 3.4 3.6 3.8 4
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Figure 11. Frequency —Deviation Responses Under the Grid —Frequency Disturbance.

As summarized in Table 7, the estimated power settling time decreases from 0.63 s for
the fixed-parameter VSG to 0.21 s for the IHHO-optimized adaptive VSG, corresponding
to a reduction of approximately 66.7%. Together with the smaller power deviations and
reduced frequency-deviation oscillations, these results demonstrate that the proposed
IHHO-based adaptive control strategy provides improved transient recovery performance
under the tested grid-frequency disturbance.

https://doi.org/10.3390/asi9110230


https://doi.org/10.3390/asi9110230

Appl. Syst. Innov. 2026, 9, 230 20 of 32
Table 7. Transient Performance Under the Grid-Frequency Disturbance.

Performance Indicator Fixed VSG IHHO-Based
VSG

Minimum Active Power (kW) 11.1 12.3

Maximum Recovery Power (kW) 22.5 20.7

Positive Frequency-Deviation Peak (Hz) 0.248 0.154

Secondary Negative Frequency-Deviation Peak (Hz) —0.073 —0.019

Power Settling Time (s) 0.63 0.21

Note: Power settling time is measured from t = 3.1s, when the grid-frequency disturbance is
removed, using a 2% error band around the 20 kW reference.

4.5. Optimization Algorithm Evaluation and Ablation Study
4.5.1. Convergence Performance and Statistical Analysis

To further investigate the optimization performance and reliability of the proposed
IHHO algorithm, its convergence behavior is compared with those of GWO and HHO.
The convergence curves are plotted against the cumulative number of objective-function
evaluations to facilitate a fair comparison of the search progress under a common evaluation
budget. In addition, multiple independent runs are conducted to assess the variability of the
optimization results. The best, mean, and standard deviation of the final objective-function
values are used to evaluate the solution quality and consistency of each algorithm.

Figure 12 compares the convergence behaviors of GWO, HHO, and IHHO using the
cumulative number of objective-function evaluations as the horizontal axis. All evaluations,
including those required by the Cauchy mutation in IHHO, are included in the evaluation
count. All three algorithms exhibit rapid decreases in the best-so-far objective-function
value during the initial search stage, followed by slower improvements as the search
progresses. GWO shows a relatively higher final objective-function value, whereas HHO
achieves a lower value. IHHO obtains the lowest final objective-function value among the
three algorithms under the evaluation budget shown in the figure. These results indicate
that IHHO achieves better optimization performance in terms of the final objective-function
value under the tested evaluation budget.

— GW
10.5 — HHO
IHH

0 ©
u"l [t 0‘1 o

@

Best-so-far F (x1073)

N
0

0 300 600 900 1200 1530
Number of objective function evaluations

Figure 12. Convergence Curves of GWO, HHO, and IHHO Under an Equal Objective—Function
Evaluation Budget.

Table 8 summarizes the optimization results obtained from ten independent runs.
IHHO achieves the lowest best fitness of 7.150 x 10~ and the lowest mean fitness of
7.187 x 1073, compared with 7.300 x 10~% and 7.350 x 10~3 for HHO, and 7.540 x 102
and 7.584 x 1073 for GWO, respectively. These results indicate that IHHO provides better
optimization performance in terms of both the best solution and the average objective-
function value. Furthermore, IHHO exhibits the smallest variance (0.000490 x 10~°),
compared with 0.000560 x 10~¢ for GWO and 0.000778 x 10~ for HHO. This indicates that
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IHHO produces more consistent final objective-function values across the ten independent
runs. Overall, the statistical results demonstrate that IHHO achieves a better combination
of solution quality and run-to-run consistency than GWO and HHO under the tested
evaluation budget.

Table 8. Statistical Comparison of Optimization Results Based on Ten Independent Runs.

Algorithm Best Fitness (x1073) Mean Fitness (Xx107%) Variance (x107°)

GWO 7.540 7.584 0.000560
HHO 7.300 7.350 0.000778
IHHO 7.150 7.187 0.000490

4.5.2. Grid Search and Fitness Landscape Analysis

The grid search evaluates 30 values of k; over [0.01,3] and 50 values of k4 over [5,50],
resulting in 1500 candidate combinations. This evaluation budget is comparable to the
maximum of 1530 objective-function evaluations used in each run of the metaheuristic
algorithms.

Figure 13 illustrates the fitness distribution over the search ranges of the adaptive
gains k; and k. The fitness landscape exhibits a nonlinear distribution, with a relatively
low-fitness region concentrated around k; = 1.0-1.5 and k; = 28-35. The minimum
fitness obtained from the grid search is 7.1103 x 10~3. This distribution provides a visual
reference for understanding the relationship between the two adaptive gains and the
objective-function value.
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7.7794 &g
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73333
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Figure 13. Two—Dimensional Fitness Landscape of the Adaptive Gains Obtained by Grid Search.

4.5.3. Computational Cost and Offline Optimization Feasibility

To compare the computational costs of GWO, HHO, and IHHO, all three algorithms
are evaluated under the same maximum budget of 1530 objective-function evaluations
(FEs). The evaluation count includes the initial population evaluations and all subsequent
objective-function evaluations. In particular, the evaluations of candidate solutions gener-
ated by the Cauchy mutation in IHHO are included in the total evaluation budget rather
than being treated as additional evaluations beyond the prescribed limit. The computa-
tional time is recorded over ten independent runs to compare the runtime performance of
the three algorithms.
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As shown in Table 9, the runtime of the first run is 4511.70 s for GWO, 4692.15 s for
HHO, and 4702.10 s for IHHO. Across ten independent runs, the corresponding mean
runtimes are 4512.31 s, 4692.30 s, and 4703.09 s, respectively. GWO exhibits the shortest

mean runtime, whereas IHHO has the longest. The mean runtime of IHHO is approximately
4.23% higher than that of GWO and 0.23% higher than that of HHO.

Table 9. Computational Time and Evaluation Budget of the Compared Optimization Algorithms.

Algorithm FEs Run1(s) Mean Runtime (s) Standard Deviation (s)
GWO 1530 4511.70 4512.31 13.83
HHO 1530 4692.15 4692.30 15.20
IHHO 1530 4702.10 4703.09 15.20

In the proposed control framework, the IHHO algorithm is executed offline to optimize
the adaptive gains k; and k;. Once the optimization is completed, the selected gains are
incorporated into the VSG controller. During online operation, the controller adjusts
the virtual inertia ] and damping coefficient D, according to the system operating state,
without repeatedly executing the IHHO optimization process. Therefore, the computational
time required for optimization is incurred during the offline design stage rather than within
the online control loop. This arrangement avoids imposing the computational burden of
the population-based optimization process on the online control loop.

Regarding real-time gain retuning, the current implementation does not execute IHHO
online. The mean optimization time of approximately 4703.09 s indicates that directly re-
peating the complete population-based optimization process during normal VSG operation
would not be suitable for fast real-time retuning under the present implementation. The cur-
rent framework relies on offline gain optimization and online adaptive adjustment of virtual
inertia and damping, without repeated online execution of IHHO.

4.5.4. Ablation Study of the Improved HHO Algorithm

To investigate the individual contributions of the Gold-SA exploration strategy and
Cauchy mutation, an ablation study is conducted using four algorithm configurations: the
original HHO, HHO with Gold-SA, HHO with Cauchy mutation, and the complete IHHO.
The HHO+Gold-SA variant incorporates the Gold-SA exploration strategy without Cauchy
mutation, whereas the HHO+Cauchy variant introduces Cauchy mutation without the
Gold-SA strategy. The complete IHHO incorporates both modifications.

To ensure a fair comparison, all four configurations use the same objective function,
search boundaries, population size, and termination criterion, with a maximum budget of
1530 objective-function evaluations per run. All objective-function evaluations associated
with Cauchy mutation are included in this budget. Ten independent runs are used to
evaluate the final optimization results of each configuration. The convergence curves
shown in Figure 14 represent the first independent run, while the statistical results in
Table 10 are calculated from all ten independent runs. The best, mean, and sample standard
deviation of the final fitness values are used to assess solution quality and run-to-run
variability.

As shown in Figure 14, the four configurations exhibit different convergence behaviors
under the same objective-function evaluation budget. The original HHO converges to a final
fitness of approximately 7.36 in the first run. After incorporating Gold-SA, the final fitness
decreases to approximately 7.26, whereas the HHO+Cauchy variant reaches approximately
7.30. The complete IHHO achieves the lowest final fitness of approximately 7.18. These
results indicate that both modifications can improve the optimization performance of the
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original HHO in the illustrated run, with Gold-SA providing a greater improvement in the
final fitness than Cauchy mutation alone.

IHHO
10.5/ —— HHO + Gold-SA
— HHO + Cauchy
— HHO

ol o =
v © v o

Best-so-farF (x1073)

=)

N
0

7 - L L 1 1 J
0 300 600 900 1200 1530

Number of objective function evaluations

Figure 14. Convergence Curves of the Four Algorithm Configurations .

The statistical results in Table 10 further support this observation. Across ten indepen-
dent runs, the mean fitness decreases from 7.350 for HHO to 7.260 for HHO+Gold-SA and
7.300 for HHO+Cauchy, corresponding to reductions of approximately 1.22% and 0.68%,
respectively. The results suggest that Gold-SA contributes more strongly to improving the
average solution quality under the tested conditions, while Cauchy mutation also provides
a measurable improvement over the original HHO.

Table 10. Statistical Results of the Ablation Study.

Algorithm Best Fitness Mean Fitness Standard Deviation
(x1073) (x1073) (x1073)

HHO 7.300 7.350 0.0279

HHO + Gold-SA 7.180 7.260 0.0368

HHO + Cauchy 7.270 7.300 0.0200

IHHO 7.150 7.187 0.0221

The complete IHHO achieves a best fitness of 7.150 and a mean fitness of 7.187,
corresponding to an approximately 2.22% reduction in mean fitness relative to the original
HHO. Its mean fitness is also lower than those of HHO+Gold-SA and HHO+Cauchy
by approximately 1.01% and 1.55%, respectively. This indicates that combining the two
modifications produces the best overall solution quality among the four configurations in
these experiments.

Regarding run-to-run variability, HHO+Cauchy has the smallest standard deviation
of 0.0200, followed by IHHO at 0.0221, HHO at 0.0279, and HHO+Gold-SA at 0.0368. Thus,
although Gold-SA achieves a lower mean fitness when used individually, its results exhibit
greater variability across the ten runs. The complete IHHO combines a lower mean fitness
with a smaller standard deviation than the original HHO and the HHO+Gold-SA variant,
although it does not achieve the smallest standard deviation among all configurations.

Overall, the ablation results demonstrate that Gold-SA and Cauchy mutation make
distinct contributions to the optimization process. Gold-SA provides a greater improvement
in mean solution quality when used individually, whereas Cauchy mutation yields lower
run-to-run variability in the tested experiments. The complete IHHO achieves the best mean
and best individual fitness among the four configurations, supporting the effectiveness of
incorporating both modifications in the proposed algorithm.
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4.6. Sensitivity Analysis
4.6.1. Sensitivity Analysis of Adaptive-Law Scaling Parameters

To investigate the influence of the scaling coefficients on the dynamic performance of
the adaptive VSG, a sensitivity analysis is conducted for the parameters « and . Based
on the adaptive control laws introduced in Section 2, the virtual inertia and damping
coefficient can be expressed in terms of these scaling coefficients as follows:

2k; _
J*(x1,x2) = Jo + ?] arctan(a|x1]) 1+ tanl;(ﬁxlxz) +0.1 1 tanl;(ﬁxlxz) (25)
% 3
Dj(x1) = Dpo + §7de tanh(B|x1]). (26)

In the adaptive control laws, a determines the sensitivity of the arctangent-based
virtual inertia adjustment, while B influences both the inertia weighting function and the
adaptive damping response. To investigate their effects on transient performance, a one-
factor-at-a-time sensitivity analysis is conducted. The IHHO-optimized adaptive gains are
kept unchanged throughout the experiments, and no additional optimization is performed.

Specifically, « is varied over {6,8,10,12,14} while B is fixed at 0.1. Similarly, B is varied
over {0.06,0.08,0.10,0.12,0.14} while « is fixed at 10. The same two active-power reference
steps used in the preceding comparative experiments are adopted: 0 to 10kW at t = 0.2s
and 10 to 20kW at t = 1.0 s. The overshoot and settling time are employed to evaluate the
sensitivity of the transient responses.

Figures 15 and 16 illustrate the influence of « on the transient response when g = 0.1.
As « varies from 6 to 14, the overshoot ranges from 5.3% to 6.8% for the first power
step and from 6.8% to 8.1% for the second step. Meanwhile, the settling time of the first
step remains within a narrow range of 0.26-0.28 s, indicating relatively limited variation
in the corresponding recovery time. For the second power step, the selected value
« = 10 achieves the shortest settling time of 0.24 s among the investigated values. At this
setting, the corresponding overshoots are 5.7% and 7.2% for the first and second steps,
respectively. These results suggest that « = 10 provides a favorable balance between
overshoot suppression and transient recovery speed.

Fixed3 =0.1
10.0

—e— First step: 0 to 10 KW
—#— Second step: 10 to 20 kW,

8.0
7.0
60 M

5.0

9.0

4.0

Overshoot (%)

3.0
2.0
1.0

0.0 1 1 1 !
6 8 10 12 14
a

Figure 15. Sensitivity of Active—Power Overshoot to the Scaling Coefficient « .

Figures 17 and 18 present the sensitivity results for  with « = 10. Increasing § from
0.06 to 0.14 reduces the overshoot of the first step from 10.0% to 4.8% and that of the second
step from 11.5% to 5.8%. These results demonstrate that § plays an important role in
regulating transient power overshoot through the nonlinear inertia weighting and adaptive
damping mechanisms.
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Figure 16. Sensitivity of Settling Time to the Scaling Coefficient « .
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Figure 17. Sensitivity of Active—Power Overshoot to the Scaling Coefficient 5 .
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Figure 18. Sensitivity of Settling Time to the Scaling Coefficient 5 .

The settling-time responses further indicate that the selected value = 0.1 achieves
the shortest second-step settling time of 0.24 s among the tested values, while maintaining a
first-step settling time of 0.27s. Although larger values of 8 provide further overshoot sup-
pression, the selected coefficient maintains a favorable combination of moderate overshoot
and rapid transient recovery.

Overall, the sensitivity analysis confirms that the two scaling coefficients have different
influences on the dynamic performance of the adaptive VSG controller. The coefficient
mainly affects the inertia adjustment characteristics, whereas 8 influences both the inertia
weighting and damping adjustment. Within the investigated parameter ranges, the selected
values « = 10 and § = 0.1 provide a favorable compromise between transient overshoot
and settling time. The results therefore provide simulation-based justification for the
adopted scaling coefficients under the investigated operating conditions. Furthermore,
the additional power-step tests presented in Section 4.4.1 demonstrate that the adopted
scaling coefficients also provide satisfactory transient performance under different power-
reference magnitudes and directions, without further parameter adjustment. Together with
the sensitivity results presented in this subsection, these findings support the practical
selection of & = 10 and 8 = 0.1 for the investigated operating conditions.
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4.6.2. Sensitivity Analysis of Gain-Search Boundaries

The baseline search ranges were selected as practical optimization bounds based
on the roles of the adaptive gains in the nonlinear control laws. The gain k; determines
the magnitude of virtual-inertia adaptation, whereas k; governs the strength of damping
adaptation. The lower and upper limits were chosen to cover a broad range of adaptation
strengths while avoiding unnecessarily extreme candidate gains. These intervals are
practical search bounds rather than uniquely determined theoretical limits. Their suitability
is therefore further assessed by comparing the baseline ranges with narrower and expanded
search domains under the same optimization budget.

To investigate the sensitivity of the optimized adaptive gains to the prescribed search
boundaries, three search-boundary settings were considered. Setting A corresponds to the
original search ranges, k; € [0.01,3] and k4 € [5,50]. Setting B adopts narrower ranges,
k; € [0.5,2] and k4 € [15,40], whereas Setting C uses expanded ranges, k; € [0.005,4] and
kg € [2.5,60]. For each setting, ten independent optimization runs were conducted using
independently generated initial populations. The population size was fixed at 30, and the
maximum iteration count was set to 50, subject to a hard limit of 1530 objective-function
evaluations per run. All objective-function evaluations, including those associated with
Cauchy mutation, were counted toward this budget. The fitness function and all other
optimization settings were kept identical across the three settings. The final best fitness
values and corresponding optimized gains were recorded for each run.

Figure 19 compares the optimized gain distributions obtained under the three search-
boundary settings. Under Settings A and B, the optimized gains are concentrated in similar
regions. The observed k; values range from 0.91 to 1.00 under Setting A and from 0.91 to
1.01 under Setting B. The corresponding k; values range from 29.6 to 30.8 and from 29.4
to 30.8, respectively. The substantial overlap between these distributions indicates that
narrowing the prescribed search boundaries within the tested intervals has little effect on
the region in which high-quality gain combinations are identified.

38.0- 3Ly

© A (KI:[0.01,3], KD: [5, 50))

36.0- = B (KJ):[0S5,2], KD: [15, 40)) 30.8] Om
€ (KJ:[0.005, 4], KD: [2.5, 60]) "
¢ o
\ A4B1O. @
34.0- N 30.4
AB e orm4
] = on
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32.0- @0 )
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28.0-
. . 292, . . . . . .
0.80 1.00 1.20 1.40 1.60 0.85 0.90 0.95 1.00 1.05 110 LI5S
kj kj
Figure 19. Distribution of the optimized adaptive gains under three search—boundary settings.
The right panel provides a magnified view of the clustered region in the left panel.

In contrast, Setting C produces a wider distribution of optimized gains, with k; ranging
from 0.78 to 1.60 and k,; ranging from 27.5 to 37.0. Nevertheless, all ten optimized gain
pairs obtained under Setting C remain within the narrower search intervals of Setting B.
In particular, the gain pair associated with the lowest fitness value under Setting C is k; =
0.78 and k; = 27.5, which also satisfies the bounds of Setting B. Therefore, the expanded
search domain allows a wider distribution of optimized solutions, but the observed results
do not demonstrate that the expanded boundaries are necessary to identify this low-fitness
solution.

The final fitness values in Figure 20 provide a complementary comparison of opti-
mization performance across independent runs. Under Setting A, the fitness values range
from 7.15 to 7.22, whereas those under Setting B range from 7.16 to 7.21. The two settings
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therefore produce similar fitness levels across the ten runs. Setting C exhibits a wider range,
from 7.08 to 7.30. Although Setting C achieves the lowest individual fitness value among
the three settings, it also produces the highest individual value. This contrast indicates that
the lower best fitness obtained under the expanded search boundaries is accompanied by
greater variability between independent runs.

A (KJ: [0.01, 3], KD: [5, 50])
OB (KJ: [0.5, 2], KD: [15, 40])
A--C (KJ: [0.005, 4], KD: [2.5, 60])

F(x107)
N
5
n

= 720

Best-so-far
=
3

3
=
b

7.05
1 2 3 4 5 6 7 8 9 10

Run number

Figure 20. Final best fitness values obtained in ten independent optimization runs under the three
search—boundary settings. The connecting lines are used only to facilitate visual comparison across
run indices.

The results also provide evidence regarding the repeatability of IHHO under different
random initial populations. For the original search boundaries, the mean final fitness is
7.187, with a sample standard deviation of 0.0221. The relatively concentrated distribution
across ten independent runs indicates that IHHO produces comparable optimization results
under repeated random initialization with the original search configuration. However,
the observed run-to-run variability reflects the combined effects of random initialization
and stochastic optimization operations. Because the initial population quality was not
independently controlled, these results assess repeatability across random initializations
rather than isolating the individual causal effect of initial population quality.

The quantitative results are summarized in Table 11. The mean fitness values under
Settings A, B, and C are 7.187, 7.185, and 7.190, respectively. The difference between
the highest and lowest mean values is only 0.005. Their corresponding sample standard
deviations are 0.0221, 0.0172, and 0.0770. In particular, the standard deviation under Setting
Cis approximately 3.48 times that under Setting A and 4.48 times that under Setting B. Thus,
expanding the search boundaries does not improve the mean fitness in these experiments,
despite producing a lower individual best value. Settings A and B exhibit comparable
mean performance, while Setting B has the smallest observed standard deviation.

Table 11. Sensitivity of optimization results to gain-search boundaries.

kjSearch [, Search BestFitness Mean Fitness SampleSD Observed ki  Observed k7
Setting Range Range (x107%) (x1073) (x107%) Range Range
A (Original)  [0.01,3]  [5,50] 7.15 7.187 0.0221 091,1.00]  [29.6,30.8]
B (Narrower) [0.5,2] [15, 40] 7.16 7.185 0.0172 [0.91,1.01] [29.4,30.8]
C (Expanded) [0.005,4]  [2.5,60] 7.08 7.190 0.0770 0.78,1.60]  [27.5,37.0]

Note: Each setting was evaluated in ten independent optimization runs using independently gener-
ated initial populations. SD denotes the sample standard deviation of the final best fitness values.
Lower fitness values indicate better optimization performance. The observed optimized-gain ranges
represent the minimum and maximum values across the ten runs, rather than the prescribed search
boundaries. Fitness values are reported on the numerical scale used in the fitness data.

Overall, the results support the practical suitability of the original gain-search bound-

aries for the investigated VSG model and fitness function. The close agreement between
Settings A and B in terms of mean fitness and optimized-gain distributions suggests that
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the identified high-quality solutions are relatively stable against the tested reduction in
search ranges. Although Setting C yields a lower best fitness in one run, its mean fitness
does not improve and its run-to-run variability is substantially greater.

4.6.3. Sensitivity Analysis of Combined IHHO Parameter Settings

To further investigate the influence of algorithm settings on the optimization perfor-
mance of IHHO, a sensitivity analysis was conducted by jointly varying the population size
N and the Cauchy mutation probability P.. Three parameter combinations were considered:
(N,P;) = (30,0.2), (20,0.1), and (40,0.3), denoted as Settings A, B, and C, respectively.
Setting A corresponds to the original configuration adopted in this study. For each setting,
ten independent optimization runs were performed using different random initial popula-
tions. The gain-search boundaries, fitness function, and other algorithm parameters were
kept unchanged. The same objective-function evaluation budget was applied to the three
settings to ensure a consistent comparison.

Figure 21 illustrates the distribution of the optimized adaptive gains obtained un-
der the three parameter settings. Under the baseline Setting A, the optimized gains are
concentrated within relatively narrow ranges, with k; varying from 0.91 to 1.00 and k4
varying from 29.6 to 30.8. The magnified view further demonstrates the consistency of the
optimized gain combinations across the ten independent runs.
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Figure 21. Distribution of the optimized adaptive gains under three IHHO parameter settings.
The right panel provides a magnified view of the optimized gains obtained under the baseline Setting
A.

In comparison, Settings B and C exhibit wider distributions of optimized gains. For
Setting B, the observed ranges of k; and k,; are 0.72-1.22 and 27.2-33.8, respectively. For
Setting C, the corresponding ranges are 0.78-1.20 and 28.2-33.2. These results indicate that
the original parameter combination produces more concentrated optimized gains than the
two alternative combinations under the investigated conditions.

Figure 22 compares the final best fitness values obtained from ten independent runs
under the three parameter settings. Setting A consistently achieves lower fitness values
than Settings B and C. Specifically, the fitness values under Setting A range from 7.15 x 1073
to 7.22 x 1073, whereas those under Settings B and C range from 7.26 x 1073 to 7.40 x 103
and from 7.24 x 1073 to 7.35 x 10~3, respectively. Notably, even the highest fitness value
under Setting A is lower than the lowest values obtained under the two alternative settings.
This observation demonstrates the favorable optimization performance of the original
parameter combination across the investigated runs.
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Figure 22. Final best fitness values obtained in ten independent optimization runs under three IHHO
parameter settings.

The statistical results are summarized in Table 12. The mean fitness values for Settings
A, B,and C are 7.187 x 1073,7.323 x 1073, and 7.288 x 1073, respectively. Compared with
Setting A, the mean fitness increases by approximately 1.89% and 1.41% under Settings
B and C. Furthermore, Setting A achieves the smallest sample standard deviation of
0.0221 x 1073, compared with 0.0445 x 10~3 and 0.0352 x 10~ for Settings B and C. These
findings indicate that the original parameter combination achieves both favorable fitness
performance and relatively low run-to-run variability.

Table 12. Sensitivity of IHHO optimization results to combined algorithm parameter settings. .

Best Fitness Mean Fitness Sample SD

Setting N P, (x1073) (x1073) (x1073) Observed Gain Ranges

A (Baseline) 30 0.2 7.15 7.187 0.0221 k;-6 :10.91,1.00]; k3 - [29.6,30.8]
B (Reduced) 20 0.1 7.26 7.323 0.0445 k;f :[0.72,1.22]; k- [27.2,33.8]
C (Increased) 40 0.3 724 7.288 0.0352 k;f :[0.78,1.20]; k3 - [28.2,33.2]

Note: Each setting was evaluated over ten independent optimization runs. SD denotes the sample
standard deviation of the final best fitness values. Lower fitness values indicate better optimization
performance. The observed gain ranges indicate the minimum and maximum optimized gains across
the ten runs.

Overall, the sensitivity analysis demonstrates that the baseline setting of N = 30 and
P, = 0.2 provides a favorable combination of optimization accuracy and repeatability
under the investigated conditions. Compared with the two alternative settings, the baseline
configuration achieves the lowest mean fitness, the smallest sample standard deviation,
and more concentrated optimized adaptive gains. These results provide experimental
support for the adopted IHHO parameter configuration. Since the population size and
mutation probability were varied simultaneously, the findings describe the combined
influence of these parameters rather than their individual contributions.

5. Conclusions

This paper proposes an improved Harris Hawks optimization (IHHO)-based adaptive
VSG control strategy to improve transient response and overshoot suppression. Bounded
nonlinear control laws are developed for virtual inertia | and damping coefficient D, and a
dimensionless multi-index objective function is used to jointly optimize the adaptation
gains k;j and k.

Under consecutive active-power steps from 0 to 10 kW and from 10 to 20 kW, the pro-
posed method achieves overshoots of 5.7% and 7.2% and settling times of 0.27 s and 0.24 s,
respectively. The frequency-response analysis also shows reductions of approximately
50% in negative frequency-deviation peaks and 41% in negative ROCOF peaks under the
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investigated conditions. The ablation study confirms the complementary contributions
of Gold-SA and Cauchy mutation, with the complete IHHO achieving a mean fitness of
7.187 x 1073. Sensitivity analyses show that expanding the gain-search boundaries does
not improve mean fitness and increases run-to-run variability, while the baseline algorithm
setting of N = 30 and P, = 0.2 performs best among the tested parameter combinations.

Additional tests involving three consecutive power-reference steps and a grid-
frequency disturbance from 50 to 50.2 Hz followed by a return to 50 Hz further evaluate the
controller under different operating conditions. IHHO is executed offline, with a maximum
budget of 1530 objective-function evaluations per run and a mean optimization time of
4703.09 s. The resulting gains are then used by the online adaptive VSG controller without
repeated execution of IHHO.

Future work will investigate measurement noise, grid-impedance variations, voltage
dips, load-step disturbances, weaker-grid conditions, and broader power and frequency
disturbances. Computational acceleration for gain retuning and hardware-in-the-loop
validation will also be explored.
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