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The object of the study is the REGFM-B1-based battery 
energy storage system (BESS) grid-forming inverter control 
system operating in weak grids with a short-circuit ratio (SCR) 
below 2.0. The work focuses on optimizing the virtual synchro-
nous machine (VSM) controller parameters using an improved 
particle swarm optimization with time-varying acceleration 
coefficients (IPSO-TVACs). The primary challenge addressed 
is the failure of conventional tuning methods to converge 
under three concurrent hardware constraints, including cur-
rent saturation at 1.2 pu, measurement latency of 10 ms, and 
ADC quantization noise of 0.01 pu, which form a non-convex 
search landscape. The proposed IPSO-TVAC is benchmarked 
against standard PSO (Std-PSO) and gradient-based algo-
rithms, which often converge to physically infeasible solutions 
under the specified hardware restrictions. The findings reveal 
that IPSO-TVAC greatly outperforms the standard approaches, 
with integral of time-weighted absolute error (ITAE) decreased 
by 16.1%, convergence standard deviation below 1 × 10⁻4, and 
active power ripple lowered from 0.03 pu to below 0.005 pu. 
These gains suggest that IPSO-TVAC is highly effective in 
robust transient performance across all investigated constraint 
combinations. The method’s major benefit lies in its fractional- 
order inertia decay and derivative-penalized cost function, 
which enable simultaneous management of current-satura-
tion non-convexity and ADC noise sensitivity within a single 
optimization cycle. The findings imply that IPSO-TVAC is espe-
cially advantageous for utility-scale battery storage in distant 
microgrids, island-grid and offshore wind farms, where consis-
tent frequency stability under inverter overcurrent restrictions 
and ADC noise during grid transitions is critical
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1. Introduction

The displacement of synchronous generators by invert-
er-based resources introduces two coupled challenges: loss of 
synchronizing torque and reduced short-circuit strength [1]. 
North American Electric Reliability Corporation (NERC) reli-
ability assessments quantify this risk: when IBR penetration ex-
ceeds 50% in regional clusters, systems exhibit insufficient inertia 
to suppress rate-of-change-of-frequency (RoCoF) below grid 
code thresholds, typically 1.0 Hz/s [2], during generator outages 
or transmission faults. Recent updates in IEEE Std 2800–2022 
mandate stricter ride-through capabilities for IBRs, necessitating 
advanced control strategies beyond conventional standards [3].

Virtual synchronous machine (VSM) technology addresses 
this by encoding the swing equation into inverter control algo-
rithms, enabling power electronic converters to provide syn-
thetic inertia and damping [4]. Classical VSM implementations 
characteristically face a fundamental physical dilemma: a large 
inertia constant minimizes the initial frequency drop, yet this 
kinetic buffer heavily prolongs recovery transients; conversely, 
a high damping coefficient suppresses oscillations but yields 
a sluggish response that delays grid stabilization. These factors 
render fixed-parameter VSM configurations unsuitable for 
practical weak-grid deployment.

Battery energy storage systems (BESS) configured as 
grid-forming (GFM) inverters are increasingly deployed in in-
dustrial microgrids and islanded grids where centralized gen-
eration is unavailable, making frequency stability and hard-
ware protection concurrent critical engineering requirements.

The lack of systematic parameter-tuning methods that 
account for these physical hardware limitations often leads 
to control instability or physically unrealizable configura-
tions. Establishing robust optimization frameworks capable 
of navigating the complex, non-convex control landscapes 
introduced by hardware saturation and analog-to-digital con-
verter (ADC) noise is essential for the safe and reliable oper-
ation of modern power systems. Consequently, developing 
a systematic optimization framework that explicitly incorpo-
rates hardware saturation and measurement noise into the 
VSM tuning process is critical for grid-code compliance and 
hardware protection in low-SCR environments [2, 3].

2. Literature review and problem statement

The paper [4] presents results from research on founda-
tional VSM technology, in which synchronverters encode the 
electromechanical swing dynamics directly into the inverter 
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control loop. This approach demonstrates that it enables 
synthetic inertia and damping for seamless integration into 
conventional power systems. Nevertheless, conventional syn-
chronous converter implementations rely on fixed parameters 
optimized solely for nominal operating points, which degrade 
transient performance during severe grid disturbances [4]. 
Such static parameterizations often fail to accommodate 
severe disturbances, particularly in weak SCR environments 
characterized by frequent fluctuations in grid impedance. 
To mitigate these limitations, adaptive control laws, in-
ertia-switching mechanisms, and systematic optimization 
frameworks have been proposed as viable strategies to en-
hance transient robustness.

Adaptive extensions of this approach are surveyed in [5]; 
however, unresolved issues remain related to reliance on 
simplified system models. While the surveyed strategies 
propose adaptive inertia variation based on frequency de-
viations, demonstrating that enhancing inertia during tran-
sients can reduce RoCoF and accelerate recovery, the pro-
posed adaptive laws remain limited. A major hurdle in 
these adaptive designs is the inclusion of hardware current 
saturation, which introduces non-differentiable constraints. 
Consequently, their applicability is severely restricted during 
fault conditions, as current clipping fundamentally alters the 
achievable control bandwidth.

Similarly, [6] introduces an alternating moment-of-inertia 
strategy that switches between high and low inertia values 
to improve damping during load steps. But there were un-
resolved issues related to noise measurement amplification. 
Rapid inertia switching increases sensitivity to high-frequen-
cy measurement artifacts, including ADC quantization errors, 
which poses a barrier to implementation on resource-con-
strained platforms.

In parameter tuning, work in [7] coordinates inertia and 
damping to improve time-weighted absolute error metrics 
across various disturbance scenarios. Despite these advance-
ments, parameter selection still relies on manual tuning based 
on empirical rules. Navigating the non-convex objective land-
scape created by current saturation boundaries is inherently 
complex. As a result, gradient-based methods often fail to reach 
globally optimal solutions without the guidance of a systematic 
optimization framework.

To address grid variations, [8] demonstrates that online 
grid impedance estimation enables real-time parameter adap-
tation under varying grid conditions. However, there is a gap 
in the absence of a systematic optimization framework for 
the core VSM parameters. Without noise-regularizing cost 
functions, the stability margins of these adaptive laws remain 
highly sensitive to measurement noise, thereby increasing the 
risk of power oscillations under electromagnetic interference.

Addressing hardware fault protection directly, paper [9] 
presents a priority current limiting strategy (PCLS) to preserve 
inner-loop stability during severe faults. Findings reveal that 
this approach establishes a theoretical basis for angle-pre-
serving current clipping. However, the focus remains on fault 
ride-through rather than parameter optimization. Applying 
parameter optimization in this context is problematic, pri-
marily because standard algorithms suffer from convergence 
degradation due to the discontinuous control response caused 
by current clipping.

Alternative optimization strategies are examined in [10], 
where an adaptive VSM controller is tuned using a bang-bang 
optimization method. The study confirms that meta-heuristic 
approaches bypass local optima more effectively than gradient- 

based methods under discontinuous objective landscapes. 
However, unresolved issues persist related to the introduc-
tion of high-frequency discontinuities. Furthermore, such 
high-frequency switching operations inherently increase the 
risk of exacerbating chattering in the active power trajectory.

Comprehensive analyses in [11] provide a review of over-
current-limiting strategies for GFM inverters, classifying them 
into direct and indirect methods. The study confirms that direct 
current-reference saturation creates discontinuous gradients in 
the control landscape, fundamentally altering the achievable 
dynamic response. Despite this insight, a parameter optimiza-
tion framework capable of navigating these nonlinearities re-
mains lacking. Standard gradient-based optimization methods 
fail at non-differentiable points introduced by saturation limit-
ers, necessitating the use of derivative-free metaheuristics. Fur-
thermore, optimization that disregards these physical boundar-
ies consistently yields parameter sets that are mathematically 
optimal but physically unrealizable in hardware.

Concurrently, data-driven methodologies have emerged. 
Reference [12] implements a twin delayed deep deterministic 
policy gradient (TD3) architecture to learn adaptive inertia 
and damping trajectories directly from closed-loop system 
feedback. Results demonstrate superior frequency regulation 
compared to conventional fixed-parameter methods without 
requiring an analytical system model. The approach requires 
comparatively high computational effort relies on high- 
fidelity simulation platforms for generating representative 
training data, which may constrain its direct applicability in 
industrial environments with limited offline computational 
and simulation resources. In particular, the need to retrain the 
reinforcement learning agent following any structural change 
in network topology incurs prohibitive computational costs, 
severely limiting its practicality for resource-constrained in-
dustrial applications.

Analysis of research studies [4–12] identifies the need for 
a unified optimization framework that reconciles high-per-
formance transient response with hardware saturation con-
straints in low-SCR grids. Ultimately, the non-convex, discon-
tinuous control landscape caused by current limits, coupled 
with the high sensitivity of adaptive laws to ADC quantization 
noise, creates a critical need for a unified optimization frame-
work. These three interrelated unresolved challenges, specifi-
cally hardware saturation-induced non-convexity, noise sensi-
tivity, and parameter realizability, establish the motivation for 
developing IPSO-TVAC. The combination of a noise-regular-
izing cost function and a robust meta-heuristic solver offers 
a promising approach to achieving globally optimal VSM 
parameters that are physically realizable and resilient to mea-
surement noise in modern power systems. Such a framework 
must incorporate a noise-regularizing cost function, operate 
within physically realizable parameter bounds, and employ 
a derivative-free solver capable of navigating the non-convex 
objective landscape. 

3. The aim and objectives of the study

The study aims to develop an improved particle swarm op-
timization with time-varying acceleration coefficients (IPSO- 
TVAC) for adaptive VSM parameter tuning in GFM inverters 
under hardware saturation constraints, implemented on the 
REGFM-B1-based BESS model that incorporates current 
saturation at 1.2 pu, a 10 ms measurement latency, and ADC 
quantization noise of 0.01 pu.
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To achieve this aim, the following objectives were accom-
plished:

– to propose a conceptual framework and algorithmic 
flowchart for improving adaptive VSM parameter tuning un-
der hardware constraints, establishing the structural basis for 
the IPSO-TVAC optimization engine;

– to evaluate the convergence performance and statistical 
reliability of IPSO-TVAC against standard PSO (Std-PSO) 
baselines under hardware-constrained non-convex optimiza-
tion landscape;

– to analyze the transient dynamic response under severe 
grid faults and weak-grid conditions using the 15 s multi-stage 
stress test;

– to verify noise immunity, active power ripple suppression, 
and large-signal transient stability under weak-grid conditions 
with SCR below 2.0.

4. Materials and methods

4. 1. The object and hypothesis of the study
The object of the study is the REGFM‑B1‑based BESS 

grid‑forming inverter control system, selected in accordance 
with NERC and Western Electricity Coordinating Coun-
cil (WECC) weak‑grid integration guidelines, where the REG-
FM‑B1 configuration is explicitly recommended as a bench-
mark grid‑forming model for assessing inverter‑based resource 
behavior under low system strength conditions. Accordingly, 
the system is modelled to operate under a short‑circuit ra-
tio (SCR) below 2.0, representing severe weak‑grid scenarios 
commonly observed in renewable‑dominated power systems.

The system encompasses the entire control chain from 
the VSM algorithm to the priority current limiting strategy, 
thereby capturing not only the intended inertial and damping 
emulation behavior, but also the non‑ideal interactions intro-
duced by measurement latency, ADC quantization noise, and 
current saturation constraints, which are known to critically 
influence frequency stability and transient performance in 
digitally implemented GFM inverters.

The principal hypothesis assumes that an optimization 
framework utilizing the IPSO-TVAC algorithm, applied to 
minimize a modified integral of time-weighted absolute 
error (ITAE) cost function that penalizes the active power 
derivative, will identify a physically realizable parameter set 
that resolves the conflict between large-signal disturbance 
rejection and high-frequency noise amplification in adaptive 
VSM control under hardware current saturation constraints.

Based on the identified limitations of gradient‑based 
and fixed‑parameter tuning methods under current‑saturated 
non‑convex landscapes, the following testable hypotheses are 
formulated:

1. Hypothesis 1: global convergence behavior of IPSO 
TVAC under current saturated non-smooth optimization 
landscapes and its implications for escaping saturation-in-
duced local optima in grid-forming inverter control. The 
IPSO-TVAC algorithm is expected to reduce the likelihood 
of entrapment in local optima induced by the 1.2 pu current 
saturation boundary by maintaining sufficient swarm mo-
mentum during early exploration, thereby achieving supe-
rior global ITAE convergence, particularly in regions of the 
parameter space where saturation‑induced non‑smoothness 
degrades the effectiveness of gradient‑based search methods.

2. Hypothesis 2: noise-aware constraint induced by the 
modified ITAE formulation and how this constraint mitigates 

noise amplification in digitally implemented VSM control 
loops subject to measurement noise and delay. The modified 
ITAE cost function is formulated to discourage the selec-
tion of excessively high‑gain adaptive parameters because 
such parameter combinations, although capable of reducing 
short‑term frequency error, tend to amplify high‑frequency 
measurement noise through the discrete‑time implementa-
tion of the control loop, and induce limit‑cycle oscillations 
in digitally implemented VSM controllers, particularly under 
ADC quantization noise and latency effects.

3. Hypothesis 3: statistical repeatability of IPSO‑TVAC 
under current‑saturated non‑convex tuning landscapes and 
why such repeatability is relevant for practical controller 
parameter commissioning. The IPSO-TVAC algorithm is 
expected to produce an ITAE standard deviation on the 
order of 1 × 10⁻4 across 10 independent optimization runs, 
indicating a degree of run‑to‑run consistency which, from 
an engineering perspective, suggests a level of statistical 
repeatability compatible with practical controller commis-
sioning procedures.

Assumptions made in the study are: the main grid can be 
adequately modeled as a Thevenin equivalent circuit to emu-
late weak-grid dynamics; and the background ADC quantiza-
tion noise falls consistently within the 0.005–0.01 pu margin.

Simplifications adopted in the study are: The three-phase 
voltage-source inverter is modeled as an average-value sys-
tem, intentionally excluding high-frequency switching har-
monics to focus computational resources on transient stability 
and low-frequency control dynamics.

4. 2. REGFM-B1-based grid-forming inverter model
The GFM BESS, based on the REGFM-B1 architecture, 

recommended by WECC and NERC for GFM resources in 
weak grids, is adopted [2]. The configuration integrates four 
physical stages: a DC source representing the BESS, governed 
by hardware saturation limits; a three-phase voltage-source 
inverter modeled as an average-value system to capture tran-
sients; an LCL filter; and a grid interface consisting of a cou-
pling transformer and a transmission line. The main grid is 
modeled as a Thevenin equivalent with impedance Zg to em-
ulate weak-grid conditions, with grid strength characterized 
by an SCR ranging from 1.5 to 3.0, consistent with weak-grid 
classifications in IEEE Std 2800-2022 and NERC guidelines 
for low-inertia systems [2, 3]. Fig. 1 provides the schematic 
representation of the proposed GFM inverter system and 
serves to clarify the physical configuration and power flow 
paths that underpin the subsequent control model.

The control philosophy follows the VSM approach [4]. 
The virtual rotor dynamics are described by the swing equa-
tion in the per-unit system 

2H t
d t
dt

P P D tt tm e p n� � � �
� � � � � �� � � � � ��

� � , 	 (1)

where H(t)  – the virtual inertia constant, Pm(t) – the virtual 
mechanical input power, Pe(t)  – the measured active power, 
ω(t)  – the virtual angular frequency, and Dp – the damping 
coefficient. This formulation explicitly links the virtual rotor 
acceleration to the instantaneous active power imbalance, 
thereby enabling the virtual inertia term to directly shape 
transient frequency dynamics under weak‑grid conditions 
where synchronizing torque is inherently limited. The 
reactive power-voltage loop regulates the internal voltage 
magnitude E(t). 
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Through this reactive power-voltage coupling, the internal 
voltage magnitude is dynamically regulated to support voltage 
stability at the point of common coupling, which becomes 
particularly critical in low‑SCR grids where voltage sensitivity 
to reactive power variations is pronounced

T
dE t
dt

Q Q k V Vt tv ref e q ref meas
� �

� � � �� � � �� �, 	 (2)

where kq – the reactive droop coefficient, and Tv – the exciter 
time constant. 

4. 3. Adaptive inertia law and priority current limit-
ing strategy

An adaptive inertia law [5, 6] is employed, whereby the 
effective inertia constant is expressed as a function of the 
absolute frequency deviation

H t H K t Had n( ) ,max� � � � � �0 � � 	 (3)

where Hmax – the physical upper limit of the virtual inertia 
constant, established to prevent dynamic instability during 
excessively large frequency deviations, the damping coeffi-
cient Dp is constant during operation but is optimally tuned 
offline alongside H0 and Kad. The law provides stronger in-
ertial support proportional to the severity of the frequency 
dip. The adaptive law has been shown to enhance transient 
stability in weak grids [6, 7]. However, the stability margin is 
sensitive to measurement noise [8].

The PCLS limits the reference current to the 1.2 pu hard-
ware threshold by scaling the direct and quadrature-axis ref-
erences, thereby preserving the phase angle and maintaining 
inner-loop stability during faults [9]. However, this nonlinear 
truncation introduces discontinuities in the objective land-
scape, potentially leading to premature convergence in stan-
dard heuristic algorithms [11, 13, 14].

To reflect practical operations, the DC-source active 
power Pm(t) includes a dispatch reference and stochastic 
noise components

P P A f t
A f t
t tm ref LF LF

HF HF

� � � �� � � � �
� � �

sin
sin ,

2
2

�

� 	 (4)

in which, Pref(t)  – the active power dispatch reference. The 
parameters, including ALF and fLF < 2.0 Hz define the low-fre-
quency stochastic component simulating wind power fluctu-
ations per the Kaimal spectral density model. The high-fre-
quency components AHF and fHF > 500 Hz are physically 
emulating switching harmonics aliased into the digital control 
loop due to finite sampling rates [15, 16].

4. 4. Modified integral of time-weighted absolute 
error cost function formulation 

The primary objective of the proposed tuning strategy 
is to determine the optimal parameter set, including H0, 
Dp, and Kad that minimizes frequency deviations while 
ensuring smooth active power injection and mitigating 
noise amplification. This objective is formulated under the 
explicit assumption that the control loop operates in a dig-
itally implemented, current‑limited grid‑forming inverter, 
where non‑smooth dynamics and measurement artifacts 
fundamentally alter the achievable transient performance. 
A modified ITAE cost function is formulated, incorporating 
penalty terms to limit both control effort and resource utili-
zation because conventional ITAE formulations implicitly 
assume smooth control trajectories, an assumption that no 
longer holds once current saturation and discrete time mea-
surement delays are activated in grid forming inverters. The 
objective function is expressed in Equation (5) as follows, 
where each term is designed to address a distinct physical 
limitation arising from current saturation and digital imple-
mentation constraints

Fig. 1. Schematic diagram of the grid-forming battery energy storage system based 	
on the REGFM-B1 architecture connected to a weak grid
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J t w t w
dP t
dt

w H t teTsim� � � � � � �
� � �

�

�
�
�

�

�
�
�� 1 5

1 2 30
. ,�� d 	 (5)

where the nonlinear time-weight t1.5 focuses optimization 
on eliminating steady-state errors and prolonged oscilla-
tions, thereby prioritizing post‑fault settling behavior over 
short‑lived transient excursions, which are already con-
strained by grid‑code frequency limits. The power derivative 
term dP t dte � �  limits chattering caused by measurement 
noise and the 10 ms measurement delay. The inertia uti-
lization penalty w3H(t) prevents excessive mobilization of 
virtual inertia. The weighting coefficients, including w1 = 1.0, 
w2 = 100, and w3 = 0.01 were calibrated through a sensitivity- 
based normalization procedure to ensure commensurate 
scaling across heterogeneous physical quantities expressed in 
different units, consisting of Hz, pu, and s. This normalization 
is necessary to prevent numerical dominance of any single 
term, which would otherwise bias the optimization toward 
mathematically convenient but physically unrealistic parame-
ter sets. Specifically, w2 is amplified to counteract the typically 
small magnitude of dP t dte � �  relative to frequency deviations, 
since without such amplification the derivative penalty would 
become numerically negligible and ineffective in suppressing 
noise‑driven chattering, aligning with established multi-ob-
jective control weighting strategies for power electronic 
converters [10, 16]. The decision vector x = [H0, Dp, Kad]T  
is bounded by H0 ∈ [0.5, 3.0] s, Dp ∈ [10, 150] pu, and 
Kad ∈ [0, 300] pu, ensuring that all candidate solutions remain 
physically realizable within the operational limits of grid‑form-
ing inverters under current saturation. PSO is employed owing 
to its simplicity of implementation and rapid convergence 
in low-dimensional search spaces [17], while remaining in-
herently derivative‑free, which is essential for navigating the 
non‑smooth optimization landscape induced by current satu-
ration and priority current limiting in grid‑forming inverters.

4. 5. Implementation procedure and simulation con-
ditions

The proposed optimisation framework is implemented 
in MATLAB/Simulink, with the REGFM-B1 system con-
structed per the parameters in Table 1. The algorithm is 
initialized by randomly distributing 30 particles, bounded 
by the physical limits H0 ∈ [0.5, 3.0] s, Dp ∈ [10, 150] pu,  
and Kad ∈ [0, 300] pu. Full IPSO-TVAC algorithm parameters 
are provided in Table 1. Each particle configuration is sub-
jected to a comprehensive 15 s multi-stage stress test, with 
the current saturation limit Imax = 1.2 pu actively enforced 
throughout. The modified ITAE cost index from Equation (5) 
is computed for each particle; personal best and global best 
positions are updated; velocity and position updates per equa-
tions (6)–(9) are applied. This iterates until the maximum it-
eration limit is reached. Ten independent runs were executed 
for each method, and statistical significance was assessed via 
the Wilcoxon signed-rank test, following the non-parametric 
validation protocol established in [18]. Computational perfor-
mance evaluation was conducted on a dedicated workstation 
equipped with an Intel Core i7 processor and 32 GB of RAM. 
Wall-clock execution time was measured for each algorithmic 
component: PSO velocity and position update operations, 
and full time-domain simulation of the REGFM-B1 model 
in MATLAB/Simulink with a fixed-step solver at a 50 μs step 
size. Total offline tuning duration was recorded across ten 
independent optimisation runs. The reported computational 
overhead metrics are presented in Section 5. 3.

Table 1

System parameters of the REGFM-B1 BESS configuration

Parameter Symbol Value Unit
Rated power Sbase 10 MVA
Rated voltage Vbase 22 kV

Nominal frequency fn 50 Hz
Filter inductance Lf 2.5 mH
Line inductance Lg 5.0 mH

Current limit Imax 1.2 pu
Virtual impedance Zvi 0.05 + j0.1 pu

BESS max discharge Pmax 1.2 pu
BESS min charge Pmin –0.5 pu

Population size 30 particles
Max iterations 40 iterations

wmax, wmin 0.9, 0.4 dimensionless
c1i, c1f 2.5, 0.5 dimensionless
c2i, c2f 0.5, 2.5 dimensionless

Velocity limit 20 % of range

The 15 s multi-stage stress test follows IEEE 1547-2018 [19] 
recommendations:

– stage 1, the time from 0 s to 2.0 s: Normal operation with 
stochastic noise per Equation (4);

– stage 2, the time from 2.0 to 2.2 s: Three-phase symmet-
rical voltage dip to 0.2 pu;

– stage 3, the time from 7.0 s onward: Line trip increases 
Xg from 0.3 to 0.8 pu, forcing SCR below 1.5;

– stage 4, the time from 12.0 s onward: Load step increases 
active power reference from 0.9 to 1.1 pu.

5. Results of studying the improved particle swarm 
optimization for grid-forming inverters control

5. 1. Conceptual framework and algorithmic struc-
ture of the proposed improved particle swarm optimiza-
tion with time-varying acceleration coefficients

Standard PSO updates the velocity and position of each 
particle according to:

v wv c r P x c r G xi
k

i
k k

best i i
k k

best i
k� � � �� � � �� �1

1 1 2 2, , 	 (6)

x x vi
k

i
k

i
k� �� �1 1, 	 (7)

where w – the inertia weight; ck1  and ck2  – the cognitive and so-
cial acceleration coefficients, respectively; and r1, r2 ∈ [0, 1] –  
uniformly distributed random variables. The 1.2 pu current 
limit introduces discontinuous gradients into the objective 
landscape, which standard PSO encounters during itera-
tion. The implemented time-varying inertia weighting adopts 
a fractional-power decay strategy

w w w w k
k

k � � � �
�

�
�

�

�
�� �min max min

max

.

,1
1 5

	 (8)

where kmax – the maximum number of iterations configured 
for the algorithm.

The fractional decay exponent of 1.5 was selected to 
provide a steeper initial inertia weight reduction than linear 
decay, thereby accelerating the transition from global ex-
ploration to local exploitation while maintaining trajectory  
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smoothness, as validated in comparative metaheuristic stud-
ies for non-convex power system optimization [20, 21]. Si-
multaneously, the acceleration coefficients are dynamically 
modulated via a linear transition mapping

c c c c k
k

k
i f i1 1 1 1� � �� �

max
,  c c c c k

k
k

i f i2 2 2 2� � �� �
max

, 	 (9)

where c1i, c1f and c2i, c2f – the initial and final values of the 
cognitive and social acceleration coefficients, respectively. 
Equation (9) governs the TVAC, which shifts algorithmic 
behavior from global exploration in early iterations with high 
ck1  and low ck2  to local exploitation in later stages with low ck1  
and high ck2 , as illustrated in Fig. 2. 

This scheduled transition is essential for navigating the 
non‑convex optimization landscape induced by current satu-
ration, as strong early cognitive influence facilitates boundary 
crossing and escape from saturation‑induced local optima, while 
increased social influence in later stages promotes convergence 
consistency and solution stability. The following optimization 
loop is structured to ensure that all candidate solutions are evalu-
ated under physically enforced current saturation and noise con-
ditions, rather than relying on post‑hoc penalty correction, there-
by ensuring that infeasible parameter sets are eliminated at the 
simulation level and that the resulting optimization outcomes re-
main physically realizable under practical hardware constraints. 

The velocity-update mechanism in Equation (6) coordinates 
with these dynamic parameters: the high initial ck1 enables 

particles to explore widely and escape the 1.2 pu cur-
rent limit trap, while the increasing ck2  subsequently 
concentrates the swarm to refine the solution and 
minimize steady-state oscillations [10, 20]. The frac-
tional-power decay of inertia weight in Equation 
(8) provides high initial momentum, maintaining 
elevated step sizes to navigate sharp discontinuous 
gradients created by the current saturation bound-
ary. Early iteration dynamics steer particles around 
the fragmented feasible regions imposed by current 
saturation, reserving fine-grained convergence for 
later generations [13]. Although differential evolu-
tion variants offer superior resistance to premature 
convergence, their stochastic mutation operations 
increase per-iteration computational overhead. The 
proposed PSO algorithm circumvents this bottleneck 
by using streamlined velocity kinematics as defined 
in Equations (6) and (7), achieving performance 
comparable to or better than DE-based approaches 
at reduced computational cost [21].

The proposed IPSO-TVAC executes five inte-
grated stages iteratively until convergence. How
ever, unlike conventional PSO descriptions that treat 
these stages as abstract optimization steps, each 
stage here corresponds to a physically motivated in-
teraction between the controller parameters and the 
saturated inverter dynamics, ensuring that infeasible 
solutions are rejected at the simulation level rather 
than post‑processed by penalty functions.

– stage 1, named the initialization: parameter 
bounds, consisting of H0, Dp, and Kad are defined. 
Particle positions, velocities, and control parameters, 
including c1i, c1f, c1i, c1f, wmin, wmax, and kmax are ini-
tialized within the feasible search space;

– stage 2, named the model execution: a time-do-
main simulation of the GFM converter model is 
executed under predefined disturbances, with cur-
rent limiting and active-power saturation constraints 
strictly enforced prior to fitness assessment;

– stage 3, named the objective evaluation: the 
modified ITAE cost function is computed for the 
current particle set. The personal best of Pbest,i and 
global best of Gbest positions are updated immediate-
ly upon identifying a superior objective value;

– stage 4, named the adaptive parameter modu-
lation: the inertia weight wk is updated via the frac-
tional-power decay strategy. Concurrently, the ac-
celeration coefficients, consisting of ck1  and ck2  are 
modulated to dynamically transition the swarm 
from global exploration to local exploitation;

MAIN OPTIMIZATION LOOP
(Repeat until max iteration)

START

1. INITIALIZATION             
  – Define Bounds: [H0_min, H0_max], [Dp_min, Dp_max], [Kad_min, Kad_max]
  – Initialize Particles: Position xi, Velocity vi
  – Set PSO Params: c1i,c1f, c2i,c2f, wmax, wmin, kmax

2. TIME-DOMAIN SIMULATION 
  – To run the REGFM-B1 model (Simulink/ODE)
  – To apply the disturbances (Fault/Load Step)
  – Enforce constraints:
          Current Limiting (Priority saturation)
          Power Saturation (BESS limits)

       3. COST FUNCTION CALCULATION
  – To calculate Cost using Eq. (5)
  – To update the personal best (Pbest,i)
  – To update the global best (Gbest)

4. PROPOSED ADAPTIVE MECHANISM 
To calculate time-varying inertia weight: Using Eq. (8)                  
       High 'w' at start: Explore (Escape local optima)
      Low 'w' at end: Exploit (Precision tuning)

5. UPDATE VELOCITY AND POSITION
 - To apply Std-PSO update the velocity and position: Using Eqs. (6) and (7)
 - To determine the acceleration coefficients: Using (9)
 - To check the boundary violations (Clamping)

k ≥  kmax?
No

END

TVAC updating rule

 
Fig. 2. Flowchart of the improved particle swarm optimization 	

with time-varying acceleration coefficients for virtual synchronous 
machine parameter tuning
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– stage 5, named the position and velocity update: posi-
tions and velocities are adjusted using standard PSO kinemat-
ic equations. Boundary constraints are enforced via position 
clamping, and the optimization cycle repeats until the maxi-
mum iteration threshold is reached.

5. 2. Convergence performance and statistical reli-
ability of the optimization

Table 2 presents the optimised parameter sets, includ-
ing H0, Dp, and Kad, and the corresponding ITAE costs 
averaged across 10 independent runs. The mean ITAE cost 
for IPSO-TVAC is 24.87 ± 0.00, compared to 29.627 for  
the fixed-parameter baseline and 24.90 ± 0.02 for Std-PSO.  
Fig. 3 illustrates the mean convergence trajectories alongside 
their standard deviation envelopes across 40 iterations.

Table 2

Comparative performance analysis of control methods 
(mean ± standard deviation)

Methods ITAE cost H0 (s) Dp (pu) Kad (pu)
Fixed 29.627 (NA) 3.00 (NA) 100.00 (NA) 0.00 (NA)

Manual 29.41 (NA) 3.00 (NA) 100.00 (NA) 20.00 (NA)
Std-PSO 24.90 ± 0.02 1.11 ± 0.06 47.21 ± 0.68 62.12 ± 12.31

IPSO-TVAC 24.87 ± 0.00 1.16 ± 0.00 47.71 ± 0.08 57.90 ± 0.37

Table 2 reports an ITAE standard deviation of <1 × 10⁻4 
for IPSO-TVAC and 0.02 for Std-PSO. Fig. 3 shows a narrow 
standard deviation envelope for IPSO-TVAC across all itera-

tions, and a broader spread for Std-PSO during iterations from 
35 to 40. Non-parametric validation via the Wilcoxon signed-
rank test returns a statistic of W = 0 with a p-value < 0.01. 

 
Fig. 3. Optimization convergence trajectories of standard 
particle swarm optimization and improved particle swarm 
optimization with time-varying acceleration coefficients 	

over 40 iterations

5. 3. Transient dynamic response under severe grid 
faults and weak-grid conditions

Fig. 4 presents the time-domain responses of the complete 
system over the 15 s multi-stage stress test. A zoomed view of 
the frequency response around the weak‑grid transition at 7 s 
is provided in Fig. 5.

Fig. 4. 15 s stress test responses: a – frequency; b – active power at PCC; c – current at PCC; d – RoCoF; 	
e – adaptive inertia response; f – grid voltage profile at PCC
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Fig. 5. Zoomed frequency during weak-grid transition 	

at 7 s of Fig. 4, a

Fig. 4, c shows the inverter output current clamped at 
Imax = 1.2 pu during the 200-ms fault window from 2.0 s to 2.2 s. 
Fig. 4, f shows the corresponding grid voltage dip. Trajectories 
for system frequency and RoCoF across all disturbance stages 
are presented in Fig. 4, a and Fig. 4, d, respectively. At 7 s, 
the transient frequency peak is 50.43 Hz for IPSO-TVAC and  
50.22 Hz for the fixed-parameter baseline, as shown in Fig. 5. 
The corresponding RoCoF trajectory exhibits a peak magni-
tude of 20 Hz/s before exponential decay, as shown in Fig. 4, d. 
Active power trajectories for all four control configurations 
across the disturbance sequence are plotted in Fig. 4, b.

5. 4. Noise immunity, active power ripple suppres-
sion, and large-signal transient stability

Table 3 quantifies active power ripple magnitude and 
adaptive inertia stability for both optimization methods at 
the 12 s load step. Fig. 6 provides a zoomed view of the active 
power response during this transient event.

Table 3

Quantitative comparison of noise immunity performance 	
at 12 s load step

Metric Std-PSO IPSO-TVAC
Peak-to-peak active power ripple (pu) 0.03 < 0.005

Inertia constant variance high 
(erratic)

low 
 (stable)

Identified gain Kad (pu) 62.12 57.90
Computation time per iteration (ms) 120 125

Time-domain simulation per run (min) ~ 4.5 ~ 4.8
Total offline tuning time (minutes) ~ 45 ~ 48

 
Fig. 6. Zoomed active power at 12 s of Fig. 4, b

Table 3 reports a peak-to-peak active power ripple of 
0.03 pu for Std-PSO and below 0.005 pu for IPSO-TVAC. 
The tuned Kad value is 57.90 pu for IPSO-TVAC and 62.12 pu  
for Std-PSO. Fig. 6 visualizes the chattering amplitude in 
the active power response induced by 0.005 to 0.01 pu ADC 
quantization noise during the load step. Fig. 4, e shows 
the adaptive inertia trajectory of H(t) bounded for the full 

test duration under IPSO-TVAC, and erratic fluctuations 
under Std-PSO.

Fig. 7 presents the phase-plane portrait mapping fre
quency deviation of Δω against rotor angle deviation of  
Δδ across the full 15 s sequence, with equilibrium points from 
1 to 3 aligned to the SCR regimes defined in Section 4. 5.

 
Fig. 7. Phase portrait of Δω versus Δδ illustrating 	

the evolution of equilibrium points throughout 	
the entire 15 s multi-stage stress test

As shown in Fig. 7, IPSO-TVAC yields monotonically 
converging trajectories to all three equilibrium points. The 
phase trajectory remains confined within a bounded region 
throughout the SCR transitions, including the regime where 
SCR falls below 1.5 after 7 s.

6. Discussion of improved particle swarm optimization 
results for grid-forming inverters 

The structural features of the proposed IPSO-TVAC algo-
rithm are designed to promote a systematic shift from global 
exploration to local exploitation. By coupling fractional-power 
inertia decay with TVAC, the algorithm maintains sufficient 
initial swarm momentum to traverse the 1.2 pu PCLS discon-
tinuity before concentrating on precision tuning. This archi-
tectural design is associated with a reduced tendency toward 
premature convergence at saturation boundaries, a well-doc-
umented limitation in gradient-dependent or fixed-parameter 
schemes. Subsequent analysis quantifies the operational im-
pact of these framework features on system performance and 
statistical reliability.

The 16.1% ITAE reduction reported in Table 2 can be in-
terpreted as arising from two interacting mechanisms within 
the proposed framework, based on the comparative parameter 
trends and dynamic response metrics reported in Section 5. 
First, the derivative penalty term w dP t dte2 � �  in Equa-
tion (5) regularizes the cost function against high-frequency 
measurement artifacts by increasing sensitivity to rapid ac-
tive-power variations rather than steady-state deviations. 
By penalizing rapid power fluctuations, this term steers the 
optimizer away from high-gain Kad configurations that would 
otherwise amplify ADC quantization noise of 0.005–0.01 pu 
into the control loop [16, 22]. Table 2 quantifies the resulting 
reduction in Kad from 62.12 pu for Std-PSO to 57.90 pu for 
IPSO-TVAC, which corresponds to an 83% reduction of peak-
to-peak active power ripple from 0.03 pu to under 0.005 pu, as 
reported in Table 3 and visualized in Fig. 6. This suppression 
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of high-frequency current chattering reduces electrochemical 
stress on energy storage cells, aligning with degradation path-
ways associated with sustained current ripple [23]. Second, 
the fractional-power inertia decay strategy in Equation (8) 
enhances swarm exploration capability. The exponent 1.5, 
determined via a parametric sensitivity analysis that balances 
convergence speed and solution stability, represents an em-
pirically selected trade‑off rather than a theoretically optimal 
value, providing sufficient initial momentum for particles to 
traverse the discontinuous gradient induced by the 1.2 pu 
PCLS boundary [9, 11]. Under the proposed trajectory control 
scheme, the inter‑run ITAE standard deviation observed for 
IPSO‑TVAC remains < 1 × 10⁻4, whereas a value of 0.02 is 
obtained for the standard PSO, as summarized in Table 2. Sta-
tistical validation using the Wilcoxon signed-rank test yields 
W = 0 and p-value < 0.01, confirming the stochastic domi-
nance of IPSO-TVAC over Std-PSO at α = 0.001 [18].

Operationally, the transient frequency peak of 50.43 Hz for 
IPSO-TVAC versus 50.22 Hz for the fixed-parameter baseline, 
as shown in Fig. 5, corresponds to the optimized inertia con-
stant H0 = 1.16 s. This behavior is consistent with the established 
VSM trade-off: reduced virtual inertia accelerates frequency 
recovery while permitting a larger initial deviation [4, 7]. The 
0.21-Hz difference remains within the ±0.5-Hz operational 
band specified in IEEE Std 2800-2022 [3], indicating grid-code 
compliance during weak-grid transitions. The RoCoF spike at 
20 Hz/s observed in Fig. 4, d results from the accelerated vir-
tual rotor dynamics enabled by the reduced inertia constant. 
This transient acceleration occurs before the damping torque 
fully develops during the initial fault window. From a pro-
tection coordination standpoint, this RoCoF magnitude falls 
within the 40–500 ms relay immunity window documented in  
IEEE Std 2800-2022 and subsequent studies [3, 24, 25], indicat-
ing compliance with relay immunity requirements under the 
tested conditions during the fault transient. The exponential 
decay of the RoCoF trajectory, as visualized in Fig. 4, d, demon-
strates that the system returns to permissible bounds before pro-
tective relays would initiate disconnection. The phase-plane por-
trait in Fig. 7 exhibits smooth, monotonic convergence toward 
all three equilibrium points. This trajectory behavior indicates 
the presence of positive damping torque across all SCR regimes, 
including the challenging condition where SCR falls below 1.5 
after 7 s [26]. The non-convexity of the objective landscape, 
arising from the combined effects of stochastic noise excitation 
defined in equation (4) and PCLS activation at the 1.2 pu current 
limit, provides a plausible explanation for the observed failure 
of standard gradient-based tuning to locate globally optimal 
solutions [11]. The 0.02 ITAE standard deviation reported for 
Std-PSO in Table 2 is consistent with this structural limitation: 
within the saturated region, gradients lack consistent directional 
information, causing premature convergence to sub-optimal, 
physically infeasible solutions. The present results address the 
three interrelated challenges identified in Section 2 as follows.

Current-reference saturation fundamentally distorts the 
optimization landscape by generating non-differentiable gra-
dient discontinuities, a structural characteristic that can in-
duce premature convergence in conventional tuning algo-
rithms [9, 11]. IPSO-TVAC addresses this challenge, achieving 
near-zero run-to-run ITAE standard deviation <1 × 10⁻4 across  
10 independent runs, compared to 0.02 for Std-PSO, as shown 
in Table 2 and Fig. 3. The fractional-power inertia decay in 
Equation (8) provides sufficient swarm momentum to traverse 
the 1.2 pu PCLS discontinuity, preventing stagnation at the 
saturation boundary. 

The inherent sensitivity of adaptive inertia control laws to 
measurement noise frequently amplifies low-level ADC quan-
tization errors into sustained active power limit cycles [6, 8]. 
As quantified in Table 3 and visualized in Fig. 6, IPSO-TVAC 
suppresses these oscillations, reducing the peak-to-peak active 
power ripple from 0.03 pu to below 0.005 pu. The derivative pen-
alty w dP t dte2 � �  defined in Equation (5) contributes to noise 
robustness by penalizing rapid power fluctuations independent 
of their ITAE contribution, thereby steering the optimizer away 
from high-gain configurations that amplify measurement artifacts.

Optimization procedures that lack explicit physical boundary 
enforcement often yield parameter sets that are mathematically 
optimal but physically unrealizable in practical hardware imple-
mentations [11]. IPSO-TVAC addresses this by constraining the 
search space to physically realizable bounds from initialization. 
The resulting parameters, consisting of H0 = 1.16 s, Dp = 47.71 pu,  
and Kad = 57.90 pu, remain operable throughout the full 15 s 
stress test, including the 0.2 pu voltage dip and SCR transition 
below 1.5. Fig. 4, c shows that the system operates without any 
current limit violations beyond the enforced 1.2 pu threshold.

Unlike the alternating-inertia strategy in [6], which exhibits 
heightened sensitivity to high-frequency ADC quantization er-
rors due to rapid switching, the proposed framework enhances 
noise robustness while preserving transient performance under 
the investigated operating conditions. As quantified in Table 3 
and visualized in Fig. 6, the peak-to-peak active power ripple is 
suppressed from 0.03 pu to below 0.005 pu. This improvement is 
attributed to the derivative penalty term w dP t dte2 � �  defined 
in Equation (5), which penalizes parameter configurations that 
amplify measurement noise independently of their ITAE con-
tribution even when such configurations would otherwise yield 
comparable ITAE values. Consequently, the search is steered 
away from high-gain Kad configurations that the alternating-in-
ertia approach cannot inherently mitigate.

Relative to the empirical manual tuning approach in [7], 
which struggles to navigate non-convex saturation landscapes, 
the present framework achieves ITAE standard deviation  
<1 × 10⁻4 across 10 independent runs versus 0.02 for Std-PSO 
as reported in Table 2 and eliminates sawtooth limit-cycle 
patterns in the phase portrait of Fig. 7, leveraging the swarm 
momentum mechanism discussed above.

The TD3 reinforcement learning agent in [12] requires com-
putationally intensive retraining following network topology 
changes. The parameter set identified by IPSO-TVAC maintains 
operational robustness across all three SCR regimes during 
the stress test, including sustained operation under the 1.2 pu 
hardware limit throughout the 200-ms fault window, as shown  
in Fig. 4, c. Parameter-space bounding restricts the search to 
a physically feasible region from initialization, ensuring that 
all candidate solutions inherently comply with hardware con-
straints. The proposed framework eliminates post-hoc constraint 
enforcement and agent retraining, whereas reinforcement learn-
ing approaches rely on penalty terms that permit constraint 
violations during training phases. From a commissioning per-
spective, offline tuning is executed a single time during system 
deployment. IPSO-TVAC incurs a per-iteration computational 
overhead of 125 ms compared to 120 ms for Std-PSO, corre-
sponding to a 4.2% increase. This marginal overhead is justified 
by the 16.1% ITAE improvement and the enhanced statistical 
reliability demonstrated across independent optimization runs.

The validity of the presented results is subject to three ap-
plicability conditions. First, the identified parameter set is vali-
dated for the tested SCR range corresponding to grid reactance 
values of 0.3 to 0.8 pu. Second, the reported noise-immunity  
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margin is valid within the simulated ADC quantization range 
of 0.005 to 0.01 pu. Third, the average-value inverter model 
excludes switching-frequency harmonics; consequently, ex-
perimental deployment may require minor parameter adjust-
ment to compensate for high-frequency switching dynamics.  
To ensure simulation reproducibility, implementation requires 
a fixed-step solver with a step size ≤ 50 μs and consistent sto-
chastic noise seeds across independent runs.

The current implementation exhibits two limitations worthy 
of acknowledgment. First, the 48-minute offline commissioning 
time precludes real-time re-tuning following abrupt topology 
changes. Consequently, deployments in networks subject to fre-
quent switching events would require pre-computed parameter 
lookup tables indexed by SCR, adding engineering overhead 
that partially offsets the commissioning advantage. Second, the 
fractional exponent 1.5 in Equation (8) was selected empirically 
based on convergence-smoothness trade-off analysis in prelim-
inary trials. The absence of an analytical derivation for this ex-
ponent limits direct cross-platform transferability, as hardware 
featuring asymmetric saturation limits or current thresholds 
other than 1.2 pu requires empirical recalibration, given that 
a standardized tuning framework remains undefined.

Future work could address this by implementing an adaptive 
exponent law that adjusts the constraint activation rate or by de-
veloping a meta-optimization layer to select the exponent based 
on hardware-specific constraint profiles. A parallel research direc-
tion involves a data-driven surrogate model that maps real-time 
SCR and frequency measurements to the optimal parameter 
set at millisecond latency, potentially bypassing the 48-minute 
offline tuning constraint. Key mathematical challenges in this 
direction include constructing non-convex surrogate models that 
preserve the physical constraints and discontinuous gradients 
of the original objective landscape. Extension to multi-inverter 
weak grids [1, 2] introduces the challenge of coordinated PCLS 
saturation management across units, where the joint parameter 
space scales combinatorically with system dimensionality. Quan-
tifying the impedance-based stability margin using the criterion 
in [27] remains a priority for future analytical work. Finally, 
hardware-in-the-loop validation on a physical BESS bench with 
an impedance-scaled grid emulator is required to quantify the 
impact of switching-frequency harmonics, which are excluded 
from the average-value model, on the effective PCLS activation 
threshold. Such harmonics could shift the non-convex boundary 
and potentially render the identified parameter set suboptimal on 
the physical platform, necessitating minor parameter fine-tuning.

7. Conclusions

The REGFM-B1-based GFM BESS model, incorporating 
1.2 pu priority current limiting, 10-ms measurement latency, 
and 0.01 pu ADC quantization noise, captures a non‑convex 
optimization landscape that is representative of low‑SCR GFM 
inverter deployments. The modified ITAE cost function inte-
grates the considered hardware limitations into a single scalar 
objective function suitable for derivative-free optimization:

1. The proposed conceptual framework and algorithmic 
flowchart define a systematic tuning methodology for adaptive 
VSM parameters. By integrating fractional-power inertia decay 
with time-varying acceleration coefficients, the algorithm is 
designed to promote a gradual transition from global explora-
tion to local exploitation, which is associated with improved 
navigation of discontinuous constraint surfaces and a reduced 
tendency toward premature convergence.

2. The IPSO-TVAC algorithm achieves superior statis-
tical reliability under hardware-constrained landscapes, 
converging to a physically realizable parameter set includ-
ing H0 = 1.16 s, Dp = 47.71 pu, and Kad = 57.90 pu. Across  
10 independent runs, the framework observed ITAE standard 
deviation remains below 1 × 10⁻4, compared to 0.02 for Std-PSO. 
The fractional-power inertia decay is associated with more 
consistent global convergence behavior without premature 
stagnation at the 1.2 pu saturation boundary. 

3. Time-domain analysis under the 15 s multi-stage stress 
test indicates stable transient dynamic behavior. IPSO-TVAC 
reduces the ITAE index by 16.1% relative to the fixed-parameter 
baseline and maintains compliance with the 1.2 pu current lim-
it throughout fault and weak-grid transitions. The optimized 
configuration yields a transient frequency peak of 50.43 Hz 
within the ± 0.5 Hz operational band, RoCoF event duration 
falling within the 40–500 ms relay immunity window.

4. Noise immunity and large-signal stability are verified 
under SCR conditions below 2.0. The derivative-penalized cost 
function eliminates noise-induced limit cycles, reducing peak-
to-peak active power ripple from 0.03 pu to below 0.005 pu 
during load transients. The resulting parameter set maintains 
bounded adaptive inertia trajectories and stable phase-plane 
convergence, suggesting suitability for utility‑scale BESS ap-
plications under the considered conditions without requiring 
post-optimization hardware redesign or agent retraining.
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