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ABSTRACT

In inverter-dominated microgrids with high renewable penetration, frequency and
voltage regulation are strongly affected by load steps, source variability, and re-
duced inertia, which raises the question of how different control strategies trade off
tracking accuracy, dynamic stress, power quality, and control effort under identical
operating conditions. We conducted a systematic and reproducible comparison of
six representative controllers, including active disturbance rejection control, sliding
mode control, model predictive control, fuzzy proportional–integral–derivative con-
trol, and two lightweight learning-assisted approaches based on extreme learning
machines and least-squares support vector machines. All controllers were evaluated
on the same control-oriented microgrid model using stochastic renewable profiles,
step load disturbances, measurement noise, and multiple Monte Carlo realizations.
Performance was assessed using quantitative metrics covering frequency track-
ing, transient response, rate of change of frequency, voltage deviation, harmonic
distortion, and control activity. The results show that fuzzy proportional–integral–
derivative control achieved the best overall tracking performance with a root mean
square error of 0.00753 Hz and an integral absolute error of 0.05586 Hz, while
maintaining a moderate control effort of 0.200 p.u. Sliding mode control yielded
the lowest voltage total harmonic distortion at 3.30%, whereas model predictive
control produced the smoothest control signal with a mean control effort of 0.017
p.u., but it suffers from significantly larger tracking errors, with a root mean
square error of 0.07488 Hz. These results demonstrate that controller performance
is strongly metric-dependent and that no single strategy is universally optimal for
all operational objectives.
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4Széchenyi István University, Győr, Hungary
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Imprecision, uncertainty, and conflicting criteria often complicate the process
of identifying the optimal conclusions in real-world decision-making scenarios.
This paper suggests a novel multi-criteria decision-making (MCDM) framework
that combines a hybrid logarithmic precursor chain-driven objective weight-
ing–preference ranking organization method for enrichment of evaluations tech-
nique with linear DIOPHANTINE fuzzy sets to address uncertain frameworks.
The selection of the location of a Sustainable Emergency Service Station and
the selection of an investment portfolio are two real-world and socially signif-
icant decision-making challenges where traditional MCDM approaches fail to
address the uncertainties. Our suggested fuzzy-based paradigm demonstrates
the adaptability of both infrastructure design and financial decision-making.
The results provide the optimal solutions based on our requirements, even un-
der unpredictable conditions. The outcomes of sensitivity analysis and com-
parative analysis demonstrate how well the suggested approach handles am-
biguous and imprecise data, particularly when expert opinions are presented
in a linguistically or incompletely articulated manner. This work provides a
solid, scalable, and precise method for resolving MCDM issues in the face of
ambiguity, offering improved support to decision-makers in a range of fields.
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1. Introduction

Data are frequently ambiguous, partial, or im-
precise in many real-world decision-making situ-
ations because of human judgment, measurement
constraints, or a lack of accurate information.
This intrinsic ambiguity makes it more difficult to
choose the best option, particularly in situations
when there are linguistic or subjective evaluations
involved. To overcome these difficulties, Zadeh 1

introduced fuzzy set theory that can handle ambi-
guity and partial truth in information. To better

capture the subtleties of uncertainty, this funda-
mental concept has evolved to incorporate more
sophisticated models. For instance, intuitionis-
tic fuzzy set (IFS) 2 offers an intense modeling
structure by including a value of hesitancy in ad-
dition to membership(MD) and non-membership
degrees (ND). The domain available to decision-
makers is later expanded by pythagorean fuzzy
sets (PFS), which build upon IFS and permit the
squared total ofMD andND to lie between 0 and
1. 3 Furthermore, the q-Rung orthopair fuzzy set
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1

1. Introduction

The rapid increase in renewable energy sources
(RES) interfaced through power converters—
together with the trend of microgrids operat-
ing under an inverter-dominated architecture—is
changing the nature of the frequency and volt-
age control problem toward increased sensitiv-

∗ Corresponding Author

ity to load disturbances, source variability, and
parameter uncertainties. In this study, the term
microgrid refers to a small-scale electrical distribu-
tion system that integrates distributed generation
units, energy storage, and local loads, and is ca-
pable of operating either in grid-connected mode
or autonomously in an islanded mode, indepen-
dently of the main utility grid. In that context,
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grid-forming control has become an important
technical pillar for maintaining synchronization,
sharing power, and ensuring power quality in
both islanded and interconnected modes while
still respecting converter hardware constraints
and current limits1,2 Recent studies demonstrate
that the range of grid-forming solutions is broad,
from droop and virtual synchronous generators to
variants based on oscillators and optimal control,
yet the gap between research findings and practi-
cal deployment conditions remains significant due
to differences in modeling assumptions, test sce-
narios, and evaluation criteria.3 At the same time,
system-level analyses emphasize that as the share
of converter-interfaced sources increases, tradi-
tional stability mechanisms based on mechanical
inertia are no longer inherently available, making
the requirements for local and coordinated control
more stringent, especially under fast disturbances
and constant-power-type load variations.4–6

From a dynamic perspective, recent studies
indicate that the reduction of effective inertia
and control interactions among multiple convert-
ers can increase the risk of frequency oscilla-
tions, raise the rate of change of frequency (RO-
COF), and weaken small-signal stability mar-
gins, particularly when the microgrid experiences
step load events and rapidly changing operating
conditions.7,8 Beyond stability requirements and
transient response, constraints on current lim-
its and behavior under symmetrical faults have
also become decisive factors for deployment fea-
sibility, because grid-forming control strategies
often need to reconcile voltage waveform preserva-
tion, current limiting, and synchronization main-
tenance.9–11 These aspects are further shaped by
evolving interconnection expectations and pro-
tection requirements in inverter-dominated sys-
tems.12 Therefore, a control strategy regarded
as practically suitable needs not only to achieve
tracking quality and reduce oscillations, but also
to maintain safety margins under strong distur-
bances, while also ensuring that computational
requirements remain compatible with real-time
implementation.

In robust control approaches, methods such
as active disturbance rejection control (ADRC)
and linearized disturbance-observer–based de-
signs have attracted attention due to their abil-
ity to aggregate uncertainties and disturbances
into a compensation channel, thereby reducing
dependence on an accurate model and increas-
ing tolerance to parameter variations.13–15 In
parallel, sliding mode control (SMC) methods
and finite-time variants provide fast convergence
mechanisms and formal robustness properties, fit-

ting contexts with strong disturbances and con-
strained control signals, although caution is al-
ways needed regarding chattering and the actual
bandwidth limits of hardware.16–18 These robust
methods often have advantages in implementation
simplicity and reliability under uncertainty, but
may face limitations when simultaneous optimiza-
tion of multiple criteria is required or when cur-
rent constraints and saturation strongly dominate
the dynamics.

In constraint-based optimization approaches,
model predictive control (MPC) and predictive
variants for converters provide a natural frame-
work for handling control limits, state constraints,
and multi-objective criteria, thereby improving
frequency and voltage responses under load distur-
bances and source variability.19,20 Nevertheless,
classical MPC often faces computational burdens
and sensitivity to model errors, especially when
the microgrid has a complex structure or when
LCL parameters and loads vary over time.21 Ac-
cordingly, recent developments have focused on
adaptive MPC, model-free prediction, and data-
driven uncertainty compensation mechanisms to
reduce model dependence and increase real-time
feasibility.22–24

On the other hand, several studies of fre-
quency control in systems with a high share
of converter-interfaced sources show that the
methodological landscape is fragmented by sce-
nario and scale, making conclusions about superi-
ority among method classes sometimes dependent
on specific simulation setups.25 This has moti-
vated broader comparative discussions that stress
consistency in scenarios, metrics, and implemen-
tation assumptions.26,27 Grid-forming approaches
based on oscillator control and distributed syn-
chronization also show potential for hierarchical
characteristics and multi-converter coordination
capability, but results are often sensitive to net-
work assumptions, communication delays, and
measurement noise.28–30 This highlights the need
for a systematic comparative evaluation, in which
representative algorithms are placed under the
same scenario conditions, the same control limits,
and the same set of technical criteria.

At the microgrid level, nonlinearity due to con-
stant power loads and multi-converter interac-
tions often exposes differences among strategies
in stability margins and robustness when oper-
ating far from the nominal point; thus, valuable
conclusions need to consider multiple scenarios
and assess ranking stability under noise and un-
certainty.31,32 Such effects are also shaped by
controller structure and the way disturbance and
uncertainty enter the closed-loop system.33 At the
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same time, data-driven directions in microgrid op-
eration, such as short-term forecasting and energy
management optimization, suggest a practical role
for lightweight machine learning (ML) models in
supporting control, such as parameter adjustment
by operating states, fast approximation of control
laws, or inference of disturbances and uncertain-
ties from measured signals.34–36 This approach is
particularly suitable when the goal is to improve
control quality while maintaining low computa-
tional cost.

Based on these observations, this study aims at
a systematic comparative evaluation in the spirit
of controlled experimental conditions, rather than
making a generic statement applicable to all sys-
tems. On a unified simulation platform, repre-
sentative control variants are placed under the
same load disturbance scenarios, source variabil-
ity, and measurement noise, together with satu-
ration limits and current limits to reflect prac-
tical deployment conditions.25 Specifically, the
study proposes a comparative evaluation protocol
and a multi-criteria technical metric set for fre-
quency and voltage, including tracking, transient
response, ROCOF, oscillations, control effort, and
scenario sensitivity.37,38 In addition to robust and
constraint-based optimization classes, the study
also examines the role of lightweight ML in as-
sisting control and operating-state–dependent de-
cision making, in a practical direction with risk
control.39 Above all, the selection of metrics and
the way results are aggregated are tied to concepts
of virtual inertia, oscillation attenuation, and sta-
bility margins observed in modern microgrids to
ensure technically meaningful interpretation.40

2. System modeling and problem
formulation

Consider an inverter-dominated AC microgrid
consisting of Nvoltage-source converters operat-
ing under a grid-forming strategy, interconnected
through a distribution network represented by
the nodal admittance matrix Ybus ∈ CN×N , to-
gether with RES sources and loads at the nodes.
Recent studies indicate that control-oriented mod-
eling is necessary to balance dynamic fidelity and
computational feasibility, particularly when the
objective is to fairly compare different control
strategies under the same disturbance scenarios
and consistent hardware constraints.41

To clarify the dynamics that directly govern
frequency and voltage tracking performance, an
averaged model in the synchronous dq reference
frame aligned with the internal phase of each in-
verter is employed. For the inverter i, the main

state variables include the filter inductor current
(if,i), the filter capacitor voltage (vc,i), the grid-
side current (ig,i), the internal frequency (ωi),
and the internal phase (θi). A low-order LCL
(inductor–capacitor–inductor) filter model in a
control-oriented form is considered sufficient to
capture the dominant interactions between the
inverter and the grid in comparative control stud-
ies.13

The dynamics of the inverter-side inductor are
described in Equation 1:

Lf i̇f,i = −Rf if,i + vinv,i − vc,i + ωiJLf if,i (1)

where Lf , Rfare the filter parameters, vinv,i is
the equivalent modulated voltage, and J is the
rotation operator in the dqframe.

The filter capacitor dynamics are described as
in Equation 2:

Cf v̇c,i = if,i − ig,i + ωiJCfvc,i (2)

For the grid-coupling branch, the inductor dy-
namics are expressed by Equation 3.

Lg i̇g,i = −Rgig,i + vc,i − vb,i + ωiJLgig,i (3)

To describe multi-node interactions, a com-
plex representation ṽi = vd,i + jvq,iand ĩg,i =
id,i + jiq,iare used. The nodal relationship is then
written as in Equation 4.

ĩg = Ybusṽb + ĩL − ĩRES (4)

This representation forms the basis for stability
and control studies of microgrids based on nodal
modeling42.

The load at each node is modeled using a ZIP
structure with a constant power component to re-
flect nonlinearity and negative impedance effects
in practical operation. The load model is written
as in Equation 5:

ĩL,i = (GZ,i + jBZ,i) ṽi

+ ĩI,i +
PP,i−jQP,i

ṽ∗
i

+ d̃L,i (t)
(5)

where the constant power component is known
to reduce stability margins and increase the sen-
sitivity of microgrids to fast load disturbances.43

The internal frequency dynamics of a grid-
forming inverter are described by a virtual inertia
model as in Equation 6. This model encom-
passes the modern virtual synchronous machine
and droop variants and is widely used in microgrid
stability and control analysis.23

2Hiω̇i = P ⋆
i − Pi −Di (ωi − ωnom) + dω,i (t) (6)

Similarly, the voltage magnitude dynamics are
described as in Equation 7:

τE,iĖi = E⋆
i − Ei − kQ,i (Qi −Q⋆

i ) + dE,i (t) (7)
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The power at the point of common cou-
pling is determined from the dqquantities as in
Equation 8. The internal phase of the inverter
is updated according to Equation 9. The volt-
age reference in the dq frame is defined as in
Equation 10.

Pi + jQi = ṽiĩ
∗
g,i (8)

θ̇i = ωi (9)

vref
c,i = Ei

[
cos θi
sin θi

]
(10)

Hardware constraints are incorporated through
modulation voltage limits and current limits. The
modulation voltage constraint is written as in
Equation 11, while the current limits are de-
scribed by Equation 12, where vinv,i, if,i , and
ig,i denote the inverter output-voltage vector,
filter-inductor current vector, and grid-side cur-
rent vector of the i− th inverter, respectively;
Vdc,i is the DC-link voltage, κv is the modulation-
dependent voltage limit coefficient, Ii,max is the
maximum allowable current, and · 2 denotes the
Euclidean norm representing the resultant magni-
tude of the corresponding vector in the dq frame.

∥ vinv,i ∥2≤ κvVdc,i (11)

∥ if,i ∥2≤ Ii,max, ∥ ig,i ∥2≤ Ii,max (12)

These constraints play a decisive role in tran-
sient behavior and stability under voltage sags or
symmetrical faults.19

The continuous-time model is discretized for
digital control implementation, yielding the gen-
eral form in Equation 13. On this modeling basis,
the control problem is formulated as tracking the
nominal frequency fnomand nominal voltage Vnom,
while reducing transients, ROCOF, oscillations,
and control effort. The aggregated objective is
written as in Equation 14, subject to the con-
straints uk ∈ U ,xk ∈ X ,wk ∈ W.

xk+1 = xk + Tsf (xk,uk,wk, ϑ) ,
yk = h (xk) + νk

(13)

min
{uk}
J =

K∑
k=1

(
αωe

2
ω,k + αV e

2
V,k

+αρρ
2
k + αu ∥ ∆uk ∥22

)
(14)

where J denotes the scalar objective function
minimized over the control sequence uk, repre-
senting the aggregated frequency error, voltage
error, ROCOF, and control-input variation.

This formulation enables consistent comparison
of robust control, MPC, and data-assisted vari-

ants on the same modeling platform and under
the same hardware constraints.44

3. Theorem-like environments

This section describes three classes of control
strategies for inverter-based microgrids, namely
disturbance-oriented robust control, sliding-mode–
based robust control, and constraint-aware pre-
dictive control. The formulation builds on the
control-oriented model in Section 2 and adopts
a unified notation in which the aggregated state is
denoted by x ∈ Rn, the control input by u ∈ Rm,
the regulated output by y ∈ Rp, and the lumped
disturbance by w, representing RES variability,
load steps, and measurement noise.

3.1. Active disturbance rejection control

In ADRC, parametric uncertainty and external
disturbances are lumped into an equivalent dis-
turbance channel and estimated online using an
extended state observer. A generalized control-
oriented representation of the disturbed system
can be written as in Equation 15.3

ẋ (t) = Ax (t) + Bu (t) + Ed (t) ,
y (t) = Cx (t) (15)

where xis the state vector, uis the control input,
yis the measured output, and drepresents the
lumped disturbance.

To explicitly incorporate disturbance estima-
tion, an extended state zis introduced, leading to
the augmented dynamics in Equation 16, which
follow the standard ADRC framework.3

ẋ (t) = Ax (t) + Bu (t) + Gz (t) ,
ż (t) = φ (t) , y (t) = Cx (t) (16)

An extended state observer is constructed to
estimate both the system state and the lumped
disturbance, as shown in Equation 17.3

x̂ (t) = Ax̂ (t) + Bu (t)
+Gẑ (t) + L (y (t)− ŷ (t)) ,
ẑ (t) = Lz (y (t)− ŷ (t))

(17)

with ŷ = Cx̂, where Land Lzare observer gains.
Based on the disturbance estimate, the ADRC

control law is expressed as in Equation 18,3

where u0is the nominal tracking controller and
Kẑprovides active disturbance compensation.

u (t) = u0 (t)−Kẑ (t) (18)

3.2. Sliding mode control with chattering
mitigation

Sliding mode control addresses robustness by en-
forcing the system trajectory onto a predefined
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sliding manifold. For frequency and voltage regu-
lation, a composite sliding variable can be defined
as in Equation 19, following classical and higher-
order SMC formulations.

To reduce chattering while preserving robust-
ness, a continuous boundary-layer approximation
is commonly adopted, yielding the control law in
Equation 20.3,45

s (t) = e (t) +Q∫ t0 e (τ) dτ,

e (t) = y (t)− y⋆ (t)
(19)

u (t) = ueq (t)− ρsat
(
s (t)

)
(20)

where ueqis the equivalent control, ρis the robust-
ness gain, defines the boundary-layer thickness,
and sat (·)denotes the saturation function.

Such formulations have been extensively ap-
plied to inverter-based systems with LCL filters
to achieve fast transient response under parame-
ter uncertainty and load disturbances.45

3.3. Control model predictive control
under constraints

Model predictive control formulates the regulation
problem as a constrained optimization over a
finite prediction horizon. Using the discretized
control-oriented model, the predictive dynamics
are written as in Equation 21.46

xk+1 = Adxk + Bduk + Eddk, yk = Cdxk (21)

The multi-objective cost function for frequency–
voltage tracking and control effort minimization
over a horizon Npis given by Equation 22.47

min
Uk

ZMPC =

Np−1∑
i=0

(
yk+i − y⋆k+i

2
Wy

+ uk+i
2
Wu

)
+xk+Np

− x⋆k+Np

2
Wf

(22)

where Uk = [uTk , . . . , u
T
k+Np−1]

T is the predicted
control sequence, and ZMPC denotes the finite-
horizon MPC objective function.

The optimization is subject to actuator and
state constraints, as expressed in Equation 23.46

umin ≤ uk+i ≤ umax, xmin ≤ xk+i ≤ xmax (23)

3.4. Lightweight machine learning
augmentation

Lightweight ML methods are incorporated as aux-
iliary modules to provide fast estimation or ap-
proximation rather than replacing the core control
structure. For extreme learning machines (ELMs),
the regularized least-squares training problem can
be written as in Equation 24,48 where H is the

hidden-layer activation matrix constructed from
the measured signals, r is the learning target, such
as the disturbance estimate or effective parameter,
and λ is the regularization coefficient.

θ̂ = argmin
θ
∥ Hθ − r ∥22 +λ ∥ θ ∥22

⇒ θ̂ = (HTH+ λI)−1HT r
(24)

For least squares support vector machine
(LSSVM) regression, the kernel-based formula-
tion is expressed as in Equation 25, following
standard LSSVM theory,20 where ZLSSVM is the
objective function of the LS-SVM problem, w is
the weight vector, b is the bias term, ξi is the
regression error, γ is the error-penalty coefficient,
and the following condition describes the regres-
sion constraint between the target output ri and
the input feature ϕ(ζi).

minw,b,ξ ZLSSVM = 1
2w

2
2 +

γ
2

∑N
i=1 ξ

2
i

s.t. ri = wTϕ(ζi) + b+ ξi,↘↖ i = 1, . . . , N
(25)

The ELM architecture employed as an auxiliary
module is defined by a single hidden layer with
Nhneurons, input x ∈ Rd, output y ∈ Rm, with
mapping

y = H (x)β,H(x) = σ (Wx + b) , (26)

where σ (z) = 1
1+e−z , W ∈ RNh×d ∼ U (·), b ∈

RNh ∼ U (·)(fixed), and only β ∈ RNh×m is deter-
mined analytically via regularized least squares:

β = (H⊤H+ λI)−1H⊤Y, (27)

with H ∈ . Training reduces to a single pseudo-
inversion of complexity O(N2

hNs), while inference
requires

y = H(x)β ⇒ O(Nh), (28)

hence it is non-iterative (“no backpropagation and
no iterative optimization”) and computationally
lightweight.

The LSSVM model adopts the radial basis
function kernel:

k(xi, xj) = exp(−γ∥xi − xj∥2), γ > 0, (29)

with penalty parameter C > 0 , selected via cross-
validation. Instead of solving a quadratic program-
ming problem with complexity O(N3

s ), training
reduces to solving the linear system[

0 1⊤

1 Ω + 1
C I

] [
b
α

]
=

[
0
y

]
, (30)

where Ωij = k(xi, xj). The computational com-
plexity is O(N2

s logNs). Inference is given by:

ŷ(x) =

Ns∑
i=1

αik(x, xi) + b⇒ O(Ns). (31)
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Both ELM and LSSVM have low inference
complexity and limited floating-point operation
requirements, making them suitable as lightweight
auxiliary modules for embedded inverter control
under real-time implementation constraints.

In control applications, the learned output
d̂(t)or f̂(x)is used as a disturbance estimate or

surrogate model, for example: u = ubase + d̂(t)or

u = u(f̂(x), providing low computational over-
head while approximating nonlinear or unknown
system components.

For ADRC–SMC integration, consider the dis-
turbed system:

ẋ = f(x, t) + bu+ d(t). (32)

The extended state observer provides

d̂(t) ≈ d(t) + ∆(t) (33)

where Lo is the observer gain and bandwidth
ωo governs the trade-off: higher ωo = faster es-
timation and increased noise sensitivity. SMC
defines sliding surface s(x) = 0, control u = ueq +
usw, usw = −Ksgn(s), and K ≥ ∥d(t)∥∞; ensur-
ing finite-time convergence s→ 0 but inducing
chattering ∼ K; hybridization yields u = ueq(d̂) +

usw, residual disturbance dres = d− d̂, hence K ≥
∥dres∥∞ ≪ ∥d∥∞ ⇒chattering ↓, robustness pre-
served.

Additionally, model-based feedforward uff =
fnom(t;Pload, PRES) leads to composite control

u = uff + ueq(d̂) + usw, reducing feedback burden,
pre-compensating predictable disturbances, and
optimizing tracking, ROCOF attenuation, robust-
ness, and computational efficiency within the real-
time control loop.

4. Simulation and discussion

All controllers were evaluated under identical
stochastic realizations per Monte Carlo run to
ensure fair paired comparisons. Time was dis-
cretized as tk = k∆t, with ∆t = 10−3s, total du-
ration T = 10s, and N = round (T/∆t)samples.

The normalized irradiance baseline
wasgbase (t) = 0.5 + 0.4sin (2π · 0.08t) , t ∈ [0, T ],
with two cloud events at tc ∈ {3, 7} sapplied over
[tc, tc + 0.5)by gbase (t)← 0.3gbase (t) .

For Monte Carlo run r, stochas-
tic variability was injected asg(r) (tk) =

max
{
0, gbase (tk) + σ ξ

(r)
g (k)

}
, σ = 0.03, ξ

(r)
g

(k) ∼ N (0, 1), and the PV power proxy
follows the implemented scaling law

P
(r)
pv (tk) = 0.85 g(r) (tk). The active-load baseline

Pℓ,base (t) = 0.5 + 0.15sin (2π · 0.15t+ π/4)
+0.1sin (2π · 0.3t) + 0.15I(4,6) (t)− 0.2I(8,10) (t)

and reactive-load baseline is

Qℓ,base (t) = 0.2 + 0.1sin (2π · 0.2t) .

Run-to-run uncertainty was injected as clipped
Gaussian perturbations:

P
(r)
ℓ (tk) = max

{
0, Pℓ,base (tk) + σξ

(r)
P (k)

}
,

Q
(r)
ℓ (tk) = max

{
0, Qℓ,base (tk) + σξ

(r)
Q (k)

}
with σ = 0.03and independent and identically dis-

tributed ξ
(r)
P , ξ

(r)
Q ∼ N (0, 1).

The study used nruns = 5Monte Carlo
runs. Stochasticity arises from {ξg |ξP | ξQ}and
lightweight ML initialization. In particular, ELM
random weights/biases are generated with a
run-index seed via rng (r), making the ML com-
ponent deterministic per run. Full reproducibility
was obtained by logging∆t, T, nrunsand the RNG
seed used at the start of the Monte Carlo loop,
while keeping the per-run seeding convention for
ML.

Let fk = f (tk), Vk = V (tk), fnom = 50Hz,
Vnom = 230

√
2(peak), and define the frequency

tracking error ek = fk − fnom.
Overshoot was computed directly on the tra-

jectory
OSf = max

k
fk − fnom,USf = fnom −

min
k
fk.Settling time is defined as the first index

meeting the implemented band εs = 0.02fnom(in
Hz),ts = min{tk : ek < εs},with ts = T if the
band is never reached. Rise time follows the 10–
90% convention on the dominant excursion used
in the code, i.e., tr = t90 − t10computed from the
first crossings of 0.1∆fmaxand 0.9∆fmax. Voltage
deviation was evaluated in root-mean-square
form Vk,rms = Vk/

√
2as:

∆Vmax = max
k

Vk,rms − Vnom/
√
2

Vnom/
√
2

. (34)

Peak frequency deviation and ROCOF were
quantified as:

∆fmax = max
k
ek,ROCOFmax = max

k

fk+1 − fk
∆t

(35)
Robustness to stochastic RES/load pertur-

bations is summarized over Monte Carlo runs
r = 1, . . . , nrunsvia mean and a Student-t confi-
dence interval:

m̄ =
1

nruns

nruns∑
r=1

m(r),CI1−α

= t1−α/2, nruns−1
sm√
nruns

(36)
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Table 1. Frequency tracking and dynamic performance metrics.

Algorithm RMSE (Hz) IAE (Hz·s) ROCOF (Hz/s)

ADRC 0.008049 ± 0.001631 0.065903 ± 0.012241 0.344849 ± 0.009233
SMC 0.009115 ± 0.000029 0.086233 ± 0.000293 0.350189 ± 0.006176
ELM 0.009844 ± 0.000018 0.077119 ± 0.000190 0.114441 ± 0.004737
LSSVM 0.009134 ± 0.000023 0.069748 ± 0.000194 0.111389 ± 0.006176
MPC 0.074881 ± 0.000211 0.616180 ± 0.001316 0.165558 ± 0.002594
Fuzzy-PID 0.007530 ± 0.000010 0.055856 ± 0.000108 0.115967 ± 0.002594

Abbreviations: ADRC: Active disturbance rejection control; ELM: Extreme learning machine; IAE: Integral absolute
error; LSSVM: Least squares support vector machine; MPC: Model predictive control; PID: Proportional integral
derivative; RMSE: Root mean square error; ROCOF: Rate of change of frequency; SMC: Sliding mode control.

where sm is the sample standard deviation across
runs.

Let the implemented control proxy be uk =
Pc,k. Control effort and control ripple are captured
by:

Ju =
1

N

N∑
k=1

uk, σ
2
u = var (uk) . (37)

For waveform-quality assessment, total har-
monic distortion (THD) is computed on the quasi-
steady window t ∈ [5, 5.5)using detrended sig-
nals Vwinand the power-consistent current proxy

Ik = Ppv(tk)−Pℓ(tk)+Pc(tk)
Vk,rms

, with harmonic magni-

tudes {Vh}h≥1and {Ih}h≥1obtained from the dis-
crete spectrum,

THDv =

√∑H
h=2 V

2
h

V1
,THDi =

√∑H
h=2 I

2
h

I1

If true voltage–current waveforms (including
phase transformation) are available, a compat-
ible extension is the fundamental power factor
PF1 = P1/ (V1I1); otherwise, THD and control-
effort statistics provide the primary signal-quality
surrogates.

Table 1 summarizes three core metrics
for frequency-tracking performance evaluation.
Fuzzy- proportional–integral–derivative (PID)
achieves the best frequency tracking (root mean
square error [RMSE] = 0.00753 ± 0.00001 Hz;
integral absolute error [IAE] = 0.05586 ± 0.00011
Hz·s), representing the lowest values among the
six algorithms and indicating effective error sup-
pression over the full simulation horizon. ADRC
ranks second (RMSE = 0.00805 ± 0.00163 Hz;
IAE = 0.06590 ± 0.01224 Hz·s). MPC yields
the largest tracking errors (RMSE = 0.07488 ±
0.00021 Hz; IAE = 0.61618 ± 0.00132 Hz·s), in-
dicating limited disturbance rejection under the
current configuration. ROCOF exhibits a differ-
ent ordering. LSSVM achieves the lowest RO-

COF (0.11139 ± 0.00618 Hz/s), followed by ELM
(0.11444 ± 0.00474 Hz/s) and Fuzzy-PID (0.11597
± 0.00259 Hz/s). ADRC and SMC exhibit the
highest ROCOF (0.345–0.350 Hz/s).

The ROCOF values reported in Table 1
reveal a structural distinction among the six
evaluated strategies, which can be interpreted
through the control law u(t)and the induced

frequency derivative df
dt . ADRC and SMC pro-

duce the largest ROCOF (0.345–0.350 Hz/s). For
ADRC, the control law in Equation 18 has the
form u = u0 − d̂(t)/b, where d̂(t) ≈ d(t), imply-

ing ∆u ∝ −d̂(t)⇒ df
dt increase immediately af-

ter disturbance. For SMC (Equation 20), u =
ueq − ρsgn(s), ṡ = −ρsgn(s)⇒ s(t)→ 0 in finite

time T ≤ |s(0)|
ρ , hence large ρ⇒| dfdt |. Under a

load step ∆P , both yield impulsive-like correc-
tion u(t) ∼ δ(t)in effect, producing large transient
df
dtbefore settling.
Mitigation in ADRC corresponds to reducing

observer bandwidth ωo ↓⇒ d̂(t)→ d(t)slower,

or filtering ud = F(s)d̂(t) with rate limit
| dudt |≤ rmax, yielding lower ROCOF but higher
∥e(t)∥. In SMC, reducing ρ or replacing sgn(s)by

sat(s/ϕ)gives usw = −ρsat(s/ϕ)⇒| dfdt |↓ but
weakens the robustness condition ρ ≥ ∥d(t)∥∞.

For MPC, the moderate value
ROCOF ≈ 0.166Hz/s follows from
the optimization in Equation 22:
minuk:k+N−1

∑N−1
i=0 (∥xk+i − x⋆∥2Q + ∥uk+i∥2R),

subject to xk+i+1 = f(xk+i, uk+i), imply-
ing distributed correction uk+iover horizon

N ⇒ df
dtbounded and smooth; however, limited

bandwidth ωc ∼ 1
NTs
⇒larger tracking error

with RMSE = 0.07488 Hz, IAE = 0.61618 Hz.
Improvement requires tuning N , weights
Q/R, and disturbance model dk+i|k, i.e.

(N,Q,R, d̂) 7→ min{ROCOF,RMSE, IAE}.
These results show ROCOF ≡

/f(tracking) but is structurally linked to
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Figure 1. Time-domain frequency and voltage regulation responses under identical stochastic operating
scenarios. (A) Frequency and (B) voltage deviations.

control action distribution u(t)in time: impulsive

u(t)⇒| dfdt |↑, distributed u(t)⇒| dfdt |↓. There-
fore, controller synthesis should include ROCOF
explicitly, such as constraint | dfdt |≤?max(Hz/s)

or penalty J = Jtrack + λ
∫ (

df
dt

)2
dt, instead of

indirect tuning
Figure 1 presents the frequency ∆f(t) and

voltage ∆V(t) trajectories for the six algorithms,
including 95% confidence intervals. MPC exhibits
a pronounced drift and sustained deviation, which
becomes clearly evident after approximately 7 s.
Fuzzy-PID achieves the lowest mean voltage de-
viation ∆Vmean. ADRC shows more pronounced
oscillations and a wider confidence band.

Figure 2 shows the activity level of the control
signal over time after smoothing. MPC exhibits
the flattest control signal, with small amplitude
variation and limited oscillation. Smooth control
does not imply good tracking. MPC still produces
the largest RMSE and IAE in Table 1 and yields
the largest maximum frequency deviation ∆fmax

as presented in Table 2. This pattern indicates
that the current MPC configuration prioritizes
control magnitude reduction rather than fast dis-
turbance rejection. Horizon length, weights, and
constraint handling likely govern this outcome.

ADRC and SMC show stronger control variations,
which align with their larger ROCOF in Table 1
and are consistent with overshoot and undershoot
levels in Table 3. The trade-off between fast
tracking and smooth actuation is evident.

Figure 3 presents RMSE and IAE with un-
certainty visualization. Fuzzy-PID performs best
in terms of RMSE and IAE. MPC is an outlier
in the unfavorable direction. RMSE and IAE are
approximately one order of magnitude larger than
those of the other controllers. The gap indicates
a systematic property of the current MPC config-
uration under the simulated scenario.

Table 2 adds extreme value and waveform
quality metrics. The maximum frequency devia-
tion (MaxDFmean) is largest for MPC at 0.14739
Hz, whereas the remaining algorithms range
from 0.012 to 0.025 Hz. Mean voltage deviation
(∆Vmean) is smallest for Fuzzy-PID at 0.01260
p.u., which corresponds to about 1.26%. The
largest value is ADRC at 0.06420 p.u., which
corresponds to about 6.42%. A common interpre-
tive reference for voltage magnitude at the point
of common coupling is around 10% under normal
conditions, and all mean deviations remain within
this envelope. The remaining differentiators relate
to ripple and harmonic content.
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Figure 2. Smoothed control signal responses of the evaluated controllers.

Figure 3. Statistical comparison of RMSE and IAE frequency tracking metrics. (A) RMSE and (B) IAE with
uncertainty bands.

These aspects are reflected by power spec-
tral density (PSD) and THD results. Voltage
THD (THDvmean) is 3.295% for SMC, while the

other algorithms cluster between 5.1% and 5.65%.
ADRC reaches 11.593%, which exceeds the 5%
reference limit. This outcome implies a strong risk
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Table 2. Power quality metrics for frequency, voltage, and harmonics

Algorithm ∆f max (Hz) ∆V (p.u.) THD v (%) THD i (%)

ADRC 0.019706 ± 0.003713 0.064202 ± 0.001699 11.5928 ± 12.1769 4.0054 ± 3.8791
SMC 0.012007 ± 0.000070 0.016340 ± 0.000288 3.2951 ± 1.6445 9.3548 ± 6.9217
ELM 0.025137 ± 0.000080 0.017296 ± 0.000302 5.1151 ± 3.7954 12.4118 ± 0.2084
LSSVM 0.022720 ± 0.000104 0.016421 ± 0.000289 5.1176 ± 3.8138 12.5441 ± 0.3590
MPC 0.147392 ± 0.000598 0.031907 ± 0.000091 5.1709 ± 4.0936 14.6546 ± 3.9972
Fuzzy-PID 0.020021 ± 0.000044 0.012600 ± 0.000198 5.6485 ± 3.3631 10.6379 ± 7.1792

Abbreviations: ∆f max: Maximum frequency deviation; ∆V: Voltage deviation; THD i: Total harmonic distortion of
current; THD v: Total harmonic distortion of voltage.

Figure 4. Comparison of maximum ROCOF and voltage total harmonic distortion across controllers. (A)
ROCOF and (B) THDv comparison.

of noncompliance in voltage harmonic quality if
the measurement is interpreted at the point of
common coupling.

Figure 4 highlights the trade-off between fre-
quency dynamics and harmonic quality. ROCOF
is smallest for LSSVM, ELM, and Fuzzy-PID, in-
dicating a softer frequency response. THDv is
smallest for SMC, indicating superior voltage
harmonic performance under the chosen met-
ric. ADRC combines high ROCOF with high
THDv, suggesting strong actuation with sub-
stantial voltage distortion. This combination in-
dicates the need for harmonic mitigation mea-
sures.

Table 3 characterizes control intensity
and transient overshoot behavior. MPC yields
CtrlEffmean of 0.017063, the smallest among the
algorithms, and CtrlVarmean of 0.000463, also the
smallest. Additionally, Overshootmean is 0.0704.
ADRC yields CtrlEffmean of approximately 0.999
and CtrlVarmean of approximately 0.993, indi-
cating intense actuation. Overshoot and under-
shoot are about 0.0197 and 0.0196, respectively.
Fuzzy-PID yields CtrlEffmean of approximately
0.200, representing a moderate level. The algo-
rithm achieves the best tracking (Table 1) and
the smallest ∆Vmean (Table 2). This pattern
indicates a favorable trade-off between tracking,

1118



Comparison of robust, optimal, and lightweight learning-based controllers for frequency and voltage

Table 3. Control activity and overshoot metrics

Algorithm Control effort
(p.u.)

Control variance Overshoot (Hz) Undershoot (Hz)

ADRC 0.999278 ± 0.000244 0.993348 ± 0.000823 0.019693 ± 0.003737 0.019595 ± 0.003642
SMC 0.957524 ± 0.000971 0.938639 ± 0.001380 0.012007 ± 0.000070 0.011945 ± 0.000041
ELM 0.192824 ± 0.000424 0.055186 ± 0.000157 0.014922 ± 0.000087 0.025137 ± 0.000080
LSSVM 0.194944 ± 0.000469 0.056083 ± 0.000164 0.014911 ± 0.000085 0.022720 ± 0.000104
MPC 0.017063 ± 0.000043 0.000463 ± 0.000001 0.070400 ± 0.000492 0.147392 ± 0.000598
Fuzzy-PID 0.200236 ± 0.000458 0.059085 ± 0.000164 0.011950 ± 0.000043 0.020021 ± 0.000044

Figure 5. Normalized radar chart of multi-criteria controller performance.

control effort, and mean voltage deviation under
the current configuration.

Figure 5 summarizes multi-criteria behavior:
Fuzzy-PID stands out along the tracking-related
axes (RMSE and IAE) and along the voltage de-
viation axis (∆V). SMC stands out along THDv,
while MPC stands out along the control axis.
MPC performs poorly along RMSE, IAE, and
∆fmax.

Figure 6 reports normalized scores across
metric groups (RMSE, IAE, control, and THD).

Fuzzy-PID yields the lowest overall score, driven
by its dominance in RMSE and IAE and its low
∆V. MPC yields the highest overall score, with
penalties from RMSE, IAE, and ∆fmax dominat-
ing the total.

Figure 7 presents the trade-off structure
across metrics. MPC sits low on the control axis
but high on RMSE, IAE, and ∆fmax, indicating
smooth control with poor tracking. Fuzzy-PID
sits low on RMSE and IAE, and its moderate
control effort and THD, indicating strong track-
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Figure 6. Multi-criteria performance aggregation and metric-wise ranking of the evaluated controllers. (A)
Multi-criteria performance comparison. (B) Ranking across metrics.

Figure 7. Parallel-coordinate visualization of normalized multi-metric controller performance.

ing with harmonic performance that still requires
improvement. SMC sits low on THD but remains
moderate to high on integral error measures, indi-
cating clean voltage harmonics with suboptimal
tracking performance.

Figure 8 shows transient responses under
cloud and load step windows. The cloud tran-
sient window shows MPC with a clear increasing
trend in ∆f, while other algorithms remain closer
to 0. The load step window shows SMC with
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Figure 8. Event-driven transient frequency responses under renewable and load disturbances. (A) Cloud
transient response. (B) Load step response.

Figure 9. Statistical and spectral characterization of frequency tracking error. (A) Cumulative distribution
function of absolute frequency error. (B) Power spectral density.

a more persistent positive ∆f offset. Fuzzy-PID
shows a softer response with smaller excursions,
while LSSVM and ELM exhibit similar behav-

ior. Figure 8 supports the conclusion that the
current MPC configuration is not well-suited for
fast disturbances and power variability in the sim-
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ulated scenario. The lightweight learning-based
controllers, ELM and LSSVM, yield low ROCOF
and smoother responses.

Figure 9 presents the cumulative distribution
function of absolute frequency error |∆f| and the
power spectral density PSD. The cumulative dis-
tribution function curve of Fuzzy-PID rises faster
in the small |∆f| region, indicating a higher prob-
ability of small errors. This behavior matches the
best RMSE and IAE. MPC exhibits a long tail
up to about 0.15 Hz, indicating more frequent
large errors. The PSD comparison shows more
prominent low-frequency spectral energy for MPC
and ADRC in certain bands, suggesting slow drift
or prolonged transients. ELM, LSSVM, Fuzzy-
PID, and SMC exhibit stronger spectral decay
toward higher frequencies, indicating fewer fast
oscillatory components.

In summary, Fuzzy-PID achieves the best fre-
quency tracking quality with an RMSE of 0.00753
Hz and an IAE of 0.05586 Hz·s. Additionally, it
achieves the smallest mean voltage deviation, with
∆Vmean of 0.01260 p.u. The algorithm leads the
overall ranking. SMC is the strongest option for
voltage harmonic quality with THDv of 3.295%.
MPC yields the smoothest and smallest control
action with CtrlEffmean of 0.01706, but this comes
at the cost of significantly degraded tracking per-
formance, with RMSE of 0.07488 Hz and IAE of
0.61618 Hz·s. MPC also yields a high ∆f max and
ranks last under the current configuration. RO-
COF values show that LSSVM, ELM, and Fuzzy
PID provide softer frequency dynamics, reduc-
ing frequency stress under low inertia operation.
Mean voltage deviation magnitudes remain well
below the approximately 10% reference envelopes
often discussed under the EN 50160 framework.
The main differentiators across algorithms arise
from harmonic distortion and transient dynamics
rather than mean voltage deviation magnitude.

5. Conclusion

This study presents a controlled and reproducible
comparison of six frequency and voltage control
strategies for inverter-dominated microgrids un-
der identical experimental scenarios, simulation
settings, and stochastic disturbances. By fixing re-
newable generation profiles, load step events, mea-
surement noise levels, and Monte Carlo seeds, the
evaluation isolated the intrinsic performance char-
acteristics of each controller without confounding
effects from scenario design, enabling a consistent
basis for cross-method comparison across time-
domain, spectral, and statistical performance in-
dicators.

From a quantitative standpoint, Fuzzy-PID
control delivered the most balanced performance
across the evaluated metrics, achieving the lowest
frequency tracking errors with RMSE of 0.00753
Hz and IAE of 0.05586 Hz·s, together with the
smallest mean voltage deviation of 0.0126 p.u.
SMC demonstrated superior voltage harmonic
quality, reducing voltage THD to 3.30%, but ex-
hibited higher ROCOF values around 0.35 Hz/s,
indicating increased dynamic stress. Lightweight
learning-assisted controllers based on ELM and
LSSVM achieved low ROCOF values near 0.11
Hz/s, indicating smoother frequency dynamics, al-
though their tracking accuracy remained inferior
to Fuzzy-PID control. MPC showed the lowest
control activity, with a mean control effort of
0.017 p.u. and minimal control variance, confirm-
ing its ability to generate smooth actuation sig-
nals. However, this benefit came at the expense
of poor disturbance rejection, reflected by the
largest frequency tracking errors and maximum
frequency deviations among all tested methods.

These findings indicate that controller selection
in inverter-dominated microgrids must be guided
by explicit operational priorities, such as tracking
accuracy, harmonic quality, or actuation smooth-
ness. Future work should extend this framework
toward adaptive weighting of performance met-
rics, hardware-in-the-loop validation, and hybrid
architectures that combine robust control struc-
tures with lightweight data-driven modules to
improve performance while preserving real-time
feasibility and reproducibility.
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