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The lightweighting problem in microgrid (MG) simulation models is first officially described in this paper as an
optimisation assignment with the goal of minimising the disturbances to the microgrid frequency robustness.
This paper formally presents the lightweighting problem in microgrid (MG) simulations as an optimization task
aimed at minimizing frequency disturbances. We propose a Selfish Herd Optimization (SHO)-based technique
and its FA-SHO enhancement, using group and predator parameters to model prey–predator interactions. The
algorithms optimize gain values and controllers to improve system robustness. Experimental results show that
FA-SHO outperforms SHO, with faster convergence, lower error metrics, and better frequency response, while
the SMC ensures strong dynamic stability and resilience.
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1. Introduction

Microgrids are flexible solutions for integrating renewable
energy, using local resources like solar, wind, storage, and
conventional generators to improve energy management,
load control, and reliability [1]. High renewable penetra-
tion introduces load variability and uncertainty, affecting
stability [2], and challenges remain in voltage stability, con-
trol optimization, and system integration [3]. Key consid-
erations include operation in virtual, islanded, and grid-
connected modes, incorporating market and wind forecasts,
handling three-phase imbalances, and managing parame-
ter, topological, and frequent load or generation changes.
Control strategies include centralized, master-slave, and
sag control, each with trade-offs in communication needs
and stability [4, 5]. The Selfish Flock Optimization (SFO)
technique offers fast convergence, global optimality, and
robust disturbance handling, enabling lightweight mod-
elling and efficient simulation [6]. This paper analyses load

impacts and proposes an SFO-based control method to en-
hance voltage stability, power quality, and robustness at
lower cost.

2. Microgrid simulation models’ lightweighting for
selfish flock optimisation

2.1. Lightweighting issues

The microgrid simulation model lightweighting problem,
also known as the mathematical model employing intelli-
gent optimisation, is first officially presented in this section
[7, 8]. Here, lightweighting is defined as a computational
model reduction approach that reduces simulation com-
plexity while preserving essential dynamics and frequency
response accuracy. It can be summed up as follows: as
the optimisation goal, i.e., the least amount of points and
surfaces produced by the microgrid simulation:
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(1)
N is the total number of faces, σij the number of points

in face i of the jth 3D mesh, λij the texture density con-
straint, σi

0 and λi the constraint eigenvalues, and fw (x_j)
constructs face i using point x,i. Global constraints can be
adjusted to speed optimization convergence, while local
point-face and texture constraints define the overall con-
straints as follows:

n

∑
i=1

(
x(k)i

)β
e(k)ij /xβ

i ⩽ ēj(j = 1, 2, · · · , l) (2)

where e(k)ij is the topological variable obtained after the
constraint on the number of points on the ith face in the
jth 3D mesh and the kth iteration, which can be handled
according to the redundancy of the various 3D networks,
and also according to the required strain energy [9, 10].
In the lightweight MG formulation, the decision variables
physically correspond to the retained equivalent states,
interconnection nodes, and subsystem coupling links rep-
resenting DG units, renewable sources, storage branches,
and controllable loads.

2.2. An explanation of a simple technique

The Selfish Flock Optimisation (SFO) method, proposed
by Fausto in 2017, is a metaheuristic inspired by Hamil-
ton’s Selfish Flock Theory [11, 12]. It models prey-predator
interactions with two groups-hunted and hunting-using
evolutionary operators in the solution space to mimic be-
havior and find optimal solutions [13].

(1) Initialize population individuals
In the SFO method, the population S, consists of N indi-

viduals, each representing positions in the solution space.
Each individual is defined as Si =

(
si,1, si,1, . . . , si,n

)
, where

n is the problem size. For simulations, the population size
is set to 100 with a maximum of 100 iterations. Constraints
are handled by initializing individuals within predefined
upper and lower bounds. The following is the initialization
formula for the entire population group:

si,j = xlow
j + rand(0, 1) ·

(
xhigh

j − xlow
j

)
(3)

where the solution space’s top and lower boundaries are
indicated, respectively, by xlow

j and xhigh
j . The random

function S = (H ∪ P) produces results whose range lies
inside the interval [0, 1].

In the Selfish Herd Optimisation (SHO) algorithm, the
population S is divided into prey (H) and predators (P),
with PS = H∪P. Typically, more prey exists than predators;
in SHO, 70%-90% of individuals are prey (N_h) and the
rest are predators (N_p). Nh and Np are determined using
the following formula [14].

Nh = f loor(N · rand(0.7, 0.9)) (4)

Np = N − Nh (5)

where rand () is a random number with values ranging
from 0.7 to 0.9 and floor (•) is a function that converts real
numbers into integers [15].

(2) Allocation of survival value
The capacity of an individual to either successfully kill

prey in an attack or to survive an attack is represented by
the survival value SVsi that is assigned to each individual
(si) of the total population (S) in SHO [16, 17]. The fol-
lowing is the definition of the survival value mathematical
formula:

SVsi =
f (si)− fworst

fbest − fworst
(6)

where fbest and fworst denote the objective function’s best
and worst values, respectively, and f(·) stands for the ob-
jective function. Seventy to ninety percent of the prey had
survival values evaluated; the prey leader had the greatest
value, while the easiest-to-catch prey had the lowest.

3. Control of voltage stabilisation in microgrid sys-
tems

This work designs SHO and FA-SHO based controllers
to improve robustness and dynamic performance. The
ITAE objective function minimizes error for faster settling
and reduced oscillations [18]. Stability is ensured using a
state-space method with coupled Riccati equations solved
in MATLAB. ITAE provides better performance balance
compared to IAE, ISE, and ITSE. The following illustrates
how the gain/scaling factor’s boundary values constrain
the optimisation problem:

J0_ITAE =

{ ∫ T
0 t [|∆ f1|] dt∫ T

0 t [|∆ f1|+ |∆ f2|+ |∆ptie |] dt
(7)

(kpsminm , kinminm , kd fminm ) < (kpr, kin, kd f ) < (kprmaxm , knmaxm ,

kd fmaxm ) (γminm , ζminm ) < (γ, ζ) < (γmaxm , ζmaxm )
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and

(
αgn minm , ϕm minm , kslmcminm

)
<
(
αgn, ϕm, kslmc

)
<
(
αgn maxm , ϕm maxm , kslmc maxm

)
are the respective boundary values for the SMC scaling

factor, FO value, and classical controller gain. Here, max
and min, m denote the upper and lower bounds. For the
classical controller, gains range from 0.001 to 50, while for
the SMC controller, they vary from -5 to 150. The SMC slid-
ing surface is designed using voltage error and its deriva-
tive to ensure fast convergence and robust performance.
Mathematically, the sliding surface is defined as

s(t) = αe(t) + ė(t) (8)

where e(t) is the voltage error and α is a positive design con-
stant. The reaching condition is governed by the Lyapunov
stability criterion s(t) < 0, ensuring finite-time conver-
gence to the sliding surface. The microgrid control archi-
tecture consists of three layers: system, centralized, and
local control, working together for energy optimization and
maintaining voltage and frequency stability.

(1) It uses a combination of load models-constant cur-
rent (I), constant power (P), and constant impedance (Z)-to
accurately represent real microgrid load behavior. The com-
parative results confirmed consistent voltage-dependent
active and reactive power behaviour, demonstrating that
the proposed formulation accurately preserves the practi-
cal response characteristics of composite microgrid loads.
Furthermore, the static load model needs to fulfil

P = P0

[
ap (U/U0)

2 + bp (U/U0) + cp

]
(9)

Q = Q0

[
aq (U/U0)

2 + bq (U/U0) + cq

]
(10)

ap + bp + cp = 1 (11)

aq + bq + cq = 1 (12)

Where: U and U0 are, respectively ctual and reference
voltage, while P and Q, and P0, Q0 denote load power at re-
spective voltages. The ZIP model combines constant power,
current, and impedance components with coefficients re-
flecting practical load behavior. Reactive power shares are
defined by coefficients aq, bq, cq induction motor dynamics
are modeled using a third-order equation, assuming load
varies with the square of speed. The mathematical model
for it is:


dE′

d
dt = − 1

T′
[
E′

d + (X − X′) Iq
]
− (ω − 1)E′

q
dE′

q
dt = − 1

T′

[
E′

q + (X − X′) Id

]
− (ω − 1)E′

d
dω
dt = − 1

2H

[(
Aω2 + Bω + C

)
T0 −

(
E′

d Id + E′
q Iq

)]
(13)

 Id = 1
R2

S+X′2

[
RS
(
Ud − E′

d
)
+ X′

(
Uq − E′

q

)]
Iq = 1

R2
S+X22

[
Rs

(
Uq − E′

q

)
− X′ (Ud − E′

d
)] (14)

T′ = (Xr + Xm) /Rr

X = Xs + Xm

X′ = Xs + XmXr/ (Xm + Xr)

A + B + C = 1

(15)

The T0 and q-axis components of the stator current of
the induction motor are shown by the numbers Id and
Iq, the symbols E′

d, E′
q; X′ is the transient reactance of the

induction motor, and T′ is the transient potential decay
time constant.

(2) Develop the diesel generator’s mathematical model
for the AC brushless excitation system:

Ė = AE + B1 I + B2u

y = CE
(16)

E =


E f d
E′

q
E′′

q
E′′

d

 , A =


− 1

Tl
0 0 0

1
Td0

− 1
Td0

0 0
c

Td0

1
T′′

d0
− c

Td0
− 1

T′′
d0

0

0 0 0 − 1
T′′

q0


(17)

where E′
q is the transient electromotive force; E′′

q and E′′
d

are the sub-transient electromotive force’s straight-axis (d-
axis) and transverse-axis (q-axis), respectively; and E f d

is the electromotive force in relation to the voltage of the
generator’s excitation coil

(
U f

)
.

(3) Using the load model as disturbance and the diesel
generator excitation system as the plant, the closed-loop
control maintains microgrid voltage stability. The robust
controller is designed via the "2-Riccati equation" method,
with evaluation signals z1 − z3 weighted by W1− W3 to
enforce performance, limit uncertainty, and constrain con-
troller signals. The hybrid sensitivity framework incorpo-
rates these weightings as follows:


W1e
W2u
W3y

e

 =


W1 −W1G
0 W2
0 W3G
I −G

 [ r
u

]
= P0

[
r
u

]
(18)
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where G represents the diesel generator AC brushless exci-
tation system, and P0 is the synchronous generator model.
The reference and control inputs are defined accordingly.
The closed-loop system satisfies ∥P∥ < 1, for robust sta-

bility, where P =

 W1S
W2R
W3T

 where W1S denotes a per-

formance restriction on the closed-loop control system’s
complementary sensitivity function is represented by T,
and W1S highlights the need for the closed-loop control
system to have strong stability, which satisfies ||W3S|| < 1.
The robust controller for voltage stabilisation is K.

4. result

Fig. 1. MG model for analysis of frequency stability.

The MG model (Fig. 1) was simulated in MAT-
LAB/Simulink R2016a, integrating diesel generator, PV,
wind, FC-AEL, controllable load, and energy storage via a
common AC bus. Using a 0.01 s fixed-step solver for 120
s, simulations captured fast transients, renewable intermit-
tency, and step-load disturbances. Stochastic models and
benchmark functions evaluated FA-SHO’s performance ad-
vantage over SHO across different controller settings in
Fig. 2.

4.1. Using benchmarking functions, examine how the
suggested FA-SHO method performs in comparison
to the SHO algorithm

FA-SHO and SHO were tested on 10 benchmark func-
tions (30 runs, 100 population, 100 iterations). FA-SHO
converges faster with better statistical results (mean, best,
worst, and SD at 95% confidence). Mamdani fuzzy logic

Fig. 2. Step/random curves for loads, WG/PV power, and
wind speed.

helps FA-SHO balance exploration and exploitation, while
SHO provides stronger global search [19].

Fig. 3. Convergence properties.

4.2. Performance in Regional MG

The frequency response of microgrids was evaluated us-
ing GOA- and SHO-based PID, FOPID, and FOPID-(1+PI)
controllers under identical conditions, ensuring differences
arise solely from the optimization algorithm [20]. Table 3
lists the gain parameters, and Fig. 4 shows that SHO-based
controllers outperform GOA-based ones.

Leveraging SHO’s superiority over GOA, this work en-
hances robustness against renewable energy uncertainties.
Stochastic wind and solar models supply 60% to the MG
and 40% to FC-AEL hydrogen storage. Under three 40 s
disturbances, SHO-SMC achieves lower frequency devia-
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Table 1. An explanation of the study’s benchmarking function.

Name of the function Functions expression Dimension Search space

Bohachevsky 1
F1 =x2

1 + 2x2
2 − 0.3 cos (2πx1)

− 0.4 cos (4πx2) + 0.7
2 [100,100]

Beale
F2 = (1.5 − x1 +x1x2)

2

+
(

2.25 − x1 + x1x2
2

)2 2 [-4.5,4.5]

Branin
F3 =

(
x2 −

5.1
4π

x2
1 +

5
4π

x1 − 6
)2

+ 10
(

1 − 1
8π

)
cos x1 + 10

2 [-5,10]

Clovaille
F4 =100

(
x2

1 −x2)
2 + (x1 − 1)2 + (x3 − 1)2 + 90

(
x2

3 − x4

)2

+ 10.1
(
(x2 − 1)2 + (x4 − 1)2

)
+ 19.8 (x2− 1) (x4 − 1)

4 [-10,10]

Dixon-price F5 = (xi − 1)2 +
n

∑
i=2

i
(

2x2
i − xi−1

)2
30 [-10,10]

Rastigin F9 =
n

∑
i=1

[
x2

i − 10 cos (2πxi)
]
+ 10 30 [5.12,5.12]

Zakhrow F10 =
n

∑
i=1

x2
i +

(
n

∑
i=1

0.5ixi

)2

+

(
n

∑
i=1

0.5ixi

)4

30 [-30,30]

Table 2. Performance Evaluation of the SHO and FASHO Algorithms.

Algorithm Function Optimum value Minimum Maximum Mean Standard deviation Computational time (s)
SHO

F1
0 0 0 0 0 0.033

FA-SHO 0 0 0 0 0.028
SHO

F2
0 0 0 0 0 0.029

FA-SHO 0 0 0 0 0.068
SHO

F3
0.395 0.398 0.398 0.399 0 0.064

FA-SHO
SHO

F4
0 2.456 4.266 1.145 1.256 0.026

FA-SHO 1.565 4.562 0.398 0 0.035
SHO

F5
0 0.667 0.666 0.667 0 1.732

FA-SHO 0.668 0.667 0.667 0 1.732

Fig. 4. Comparison of the GOA-FOPID and SHO-FOPID
frequency responses.

tion (0.0153 Hz) with better settling time, overshoot, and
sag compared to other methods, highlighting its superior
dynamic performance (Table 4 and Fig. 5) [21].

The SHO-SMC outperforms SHO, and FA-SHO further
enhances performance. FA-SHO-SMC shows lower fre-
quency deviations and faster response under uncertainties,
proving its superiority (Tables 4 and 5, Fig. 5(b)).

4.3. Bi-Regional MG Medium Performance

A two-zone microgrid was simulated in MATLAB to as-
sess controller stability and the FA-SHO algorithm. The
FA-SHO-SMC controller outperformed others, showing
faster response, lower overshoot ( 2.1198 mHz in region
1). Rapid stabilization of frequency and tieline power
(∆f2, ∆Ptie ), confirming its superior performance and
adaptability (Fig. 6 and Table 6).
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Table 3. Otimal controller gain parameters.

Controller/algorithm kpr kin kdf γ ksimc

SHO
PID 13.264 4.214 12.958 - -

FOPID 36.254 39.585 11.265 - -
SMC - - - 50.212 47.034

FASHO
PID 18.501 5.945 19.587 - -

FOPID 39.564 45.000 20.145 - -
SMC - - - - 125.58

Table 4. Frequency deviation transient parameters (downshoot, overshoot, and stabilisation time).

Controller
FASHO SHO

Us(Hz) Os(Hz) ts(s) ITAE Us(Hz) Os(Hz) ts(s) ITAE
PID -0.158 0.143 1.93 0.065 -0.021 0.1885 2.29 0.1015

FOPID 0 0.367 1.54 0. 035 -0.002 0.0867 1.94 0.0354
SMC 0 0.025 0.41 0.005 0 0.0214 0.23 -

Table 5. Optimal gain parameters for the controller.

Controller/algorithm kpr kin kdf γ ksimc

SHO
FOPID(1+P) Cont 1 2.945 2.524 1.024 0.135 -

SMC Cont 2 2.358 1.032 2.036 0.464 -

FASHO
FOPID(1+P) Cont 1 2.501 1.036 2.564 0.451 -

SMC Cont 2 2.267 2.254 1.947 1.908 -

Table 6. Optimal gain parameters for the controller.

Indices
SHO-FOPID-(1+P) FA+SHO-FOPID-(1+P) SHO-SMC FA-SHO-SMC

∆ f1 ∆ f2 ∆ fpie ∆ f1 ∆ f2 ∆ fpie ∆ f1 ∆ f2 ∆ fpie ∆ f1 ∆ f2 ∆ fpie
Us 36.3 3 183.5 -32.34 27.45 126.71 -54.068 -18.89 -13.73 -13.45 -10.35 -12.03 -0.487
Os 15.5 2 85.69 265.31 15.26 59.64 130.54 1.825 2.456 0.178 1.1998 0.802 0.335
ts 6.24 1 3.525 2.865 6.421 2.125 3.824 0.265 0.214 0.188 0.013 0.036 0.017

Fig. 5. Different controllers’ frequency responses created
using SHO and FA-SHO algorithms.

4.4. Sturdiness of the FA-SHO-SMC controller sugges-
tion: feasibility

To verify robustness, additional uncertainties such as com-
munication delays, random loads, and parameter varia-

Fig. 6. Expert panel’s dynamic response in a two-region
polygon.

tions are considered along with RES uncertainties, and
their impacts are analysed [22].
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4.4.1. Communications delay

Communication delays (2 ms) were modeled and compen-
sated, with the FA-SHO-SMC controller rapidly stabilizing
frequency and tie-line power while slightly outperform-
ing SHO. Higher switching gains improve disturbance re-
jection but may increase oscillations, showing a trade-off
between performance and smoothness in Fig. 7.

Fig. 7. Dynamic response with delay.

4.4.2. When the load changes suddenly

In Fig. 8(c), the stochastic renewable energy model and step-
load perturbations are applied in region 1. Fig. 8(a) and
(b) show that FA-SHO-SMC significantly reduces ∆f1 and
∆fpie peaks compared to SHO-SMC, maintaining stable
performance even under sharp load changes.

Fig. 8. Dynamic reaction to sudden changes in load.

4.4.3. Communication delays and load surges

The SMC controller remained robust under rapid load
changes and communication delays, with ∆f1 and ∆fpie

showing minimal variation. Load fluctuations had less im-
pact than delays, confirming stable system performance in
Fig. 9.

Fig. 9. Dynamic reaction to sudden changes in load and
time delays.

4.5. As the various compositional factors in MG vary

The microgrid remained stable under 50% parameter varia-
tions and time delays, with FA-SHO-SMC showing minor
chattering for faster stabilization. Without delays or varia-
tions, the system exhibited smooth and robust performance
(Fig. 10(a)-(j)).

5. Conclusion

This work proposes a lightweight SHO-based method with
a robust controller for microgrid voltage stability. Simula-
tion and statistical results (t-test, ANOVA) show improved
stability and performance compared to existing methods.
The approach can be extended to larger systems, with fu-
ture work focusing on computational efficiency.
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Fig. 10. Dynamic reaction with time lag and parameter modification.
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