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Abstract— In an islanded microgrid, ensuring frequency stability is essential for reliable system operation. Distributed generation (DG)
and electric vehicles (EVs) make frequency stability challenging in an islanded microgrid because they increase generation and load
variability and reduce system inertia. Load frequency control (LFC) is mainly used to enhance the frequency response of these types of
microgrids. In addition, uncertainty in parameters and perturbations strongly impact the application of LFC. To address these challenges,
this paper presents an LFC method for islanded microgrids using model predictive control (MPC) based on deep learning. The deep
learning technique is used to enhance MPC controller performance against uncertainties and disturbances. The proposed method is
validated through experiments, especially in the presence of disturbances and parameter instability. It is then compared with other methods,
including linear active disturbance rejection control (LADRC), fractional-order PID (FOPID), and several others. The results show that
the MPC method based on deep learning outperforms these approaches in terms of disturbance rejection, frequency response improvement,

and system inertia enhancement.
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NOMENCLATURE

Abbreviations

CCSA Chaotic Crow Search Algorithm
COA  Coati Optimization Algorithm
ESS Energy Storage System

FNN  Feedforward Neural Network
GWO  Grey Wolf Optimization

SG Synchronous Generator

SMC  Sliding Mode Control

SO Sailfish Optimizer

SSO Salp Swarm Optimization
Parameters and Variables

B Frequency bias factor

Af Frequency variation

APgss Energy Storage System (ESS) power variation
APrc  Fuel Cell (FC) power variation
AP, Generator output power variation

D Load-damping factor
Fy, Fraction of total turbine power
FR Frequency response

Kgrss ESS gain

Kgv  EV battery gain
Krc  FC gain

Kpyv PV gain
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Kwr WT gain

M Inertia constant

R Speed regulation

T Turbine time constant
Ty Governor time constant
T, Reheat time constant
Trss ESS time constant

~

BV EV battery time constant
Trc FC time constant

Tpv PV panel time constant
Twr WT time constant

1. INTRODUCTION

The presence of DGs and EVs in the power system has been one
of the fundamental and impactful transformations in the structure
of power systems in recent decades [1]. These technologies have
not only changed the way energy is produced and consumed but
have also created new challenges and opportunities in the areas
of sustainability, efficiency, and power system management [2].
DGs refer to small electricity generation units that are directly
connected to power systems and, unlike traditional centralized
power plants, are located close to consumers [3]. These resources
include Photovoltaics (PVs), Wind turbines (WTs), Fuel cells
(FCs), and small thermal power plants [4]. As the generation of
electricity from renewable sources continues to expand and the
demand to lower greenhouse gas emissions grows, the adoption of
the DG system has increased [5]. The presence of DGs in power
systems offers multiple advantages, including reduced transmission
losses, increased system stability, decreased dependence on fossil
fuels, and improved energy security [6]. However, these resources
also bring challenges. Among these challenges are the fluctuations
in electricity production from renewable sources like wind and
solar, the need for smart energy management, and the lack of full
compatibility with the traditional structure of power systems [7].
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The presence of EVs is increasingly recognized as an important
component of the power system. EVs not only serve as consumers
of electricity for the grid but can also function as sources of energy
production or storage using technologies like Vehicle to Grid
(V2G). During charging, these vehicles draw power from the grid,
and during peak demand periods, they can return stored energy
back to the grid [8]. A microgrid is a small, independent network
from the power system that can operate connected to the main grid
or in an island mode. Control of the microgrid in islanded mode
must effectively manage its local generation and consumption [9].
One of the fundamental issues in islanded microgrids is frequency
stability, which is managed through Primary control (PCs) and
LFC systems. When a disturbance happens, the power controllers
manage frequency fluctuations but cannot bring the frequency back
to its nominal value; this function is performed by the LFC system
using different controllers [10].

The presence of DGs and EVs poses challenges to the LFC
system, such as fluctuations in generation, variable loads, reduced
inertia, response delays, and infrastructural limitations. Therefore,
it is essential to utilize appropriate controllers in the LFC structure
to enhance the performance of the LFC in the presence of these
resources. In Table 1 of the paper, various methods for LFC
in islanded microgrids are reviewed. These methods include the
Fuzzy Logic controller [11], Hoo robust control [12-15], SMC
controller [16, 17], PI-PD cascaded controller based on SSO [18],
Type II fuzzy logic [19], PI-PD cascaded controller based on
GWO [20], 1PD-3DOFPID controller based on COA [21], Hybrid
FPD-TID controller based on CCSA [22], FOPID controller [23],
MPC controller [24], CF-FOIDF Controller [25], FTID Controller
based on SO [26], Robust PID Controller [27], Output Feedback
Control Method based on LMI [28-30], and LADRC Controller
[31]. Each of these methods employs different optimization and
control techniques to enhance frequency stability and address
challenges such as load variations, reduced inertia, and parameter
uncertainties.

The MPC controller is a model-based control method that
calculates the optimal control signal at each time step based
on the current system conditions, desired reference, and existing
constraints. Using the system’s dynamic model, MPC predicts
the future state of the system over a specified time horizon.
Due to its numerous advantages, such as the ability to forecast
system behavior, manage constraints, and optimize multiple
variables simultaneously, the MPC is widely used in advanced
control systems. However, MPC also faces certain challenges and
limitations, including the following:

1. Dependence on an Accurate System Model: MPC operates
based on a precise mathematical model of the system. If the system
model is not correctly identified or lacks sufficient accuracy, the
controller’s performance may degrade. This inaccuracy can be
particularly problematic in systems with complex dynamics, time
variations, or uncertainties.

2. Limitations in Dealing with Disturbances and Uncertainty:
It is inherently designed for controlling linear or well-modeled
systems. In the presence of unknown disturbances or environmental
uncertainties, its performance can weaken, as these disturbances
are not accounted for in the predictive model.

3. High Computational Complexity: It typically requires solving
an optimization problem at each time step. If the number of state
or input variables and constraints is large, this optimization can
lead to high computational complexity, causing issues in real-time
applications.

4. Sensitivity to Rapid Changes in System Parameters: It
operates under the assumption of a fixed or known model of the
system. However, in microgrids, the parameters of the system can
change over time or under varying conditions. These changes can
result in instability or reduced performance of the MPC controller.

To address the limitations of the MPC controller, this paper
employs a Feedforward neural network (FNN). In fact, FNN can
provide better estimates of unknown or complex system dynamics

by learning from system data, thereby enhancing the MPC in
the face of incomplete models. The FNN can also be used to
estimate disturbances. By learning the behavior of disturbances
from past data, the neural network can predict future disturbances
and assist the MPC controller in making better decisions and
mitigating the effects of these disturbances. Additionally, the FNN
can learn adaptively, tracking changes in system parameters over
time. Therefore, in combination with MPC, the FNN can serve as
a tool for updating the system model in response to parametric
changes.

In this paper, to improve the performance of the LFC
against production fluctuations, variable loads, reduction of inertia,
disturbances, and uncertainties related to microgrids, an MPC
based on deep learning is designed. Deep learning has been used
to improve the performance of the MPC against disturbances and
parameter uncertainty. To compare the proposed method against
disturbances and parameter uncertainty, it has been compared with
several methods, including LADRC and FOPID, and the results
show the superiority of the proposed method compared to other
mentioned methods. The proposed method has been able to be
resistant to disturbances and uncertainty of microgrid parameters,
improve inertia, improve frequency stability, and reduce the effect
of fluctuations on islanded microgrids. The main contributions of
this paper are as follows:

* Development of an advanced load frequency control (LFC)
method: In this paper, a new LFC method for islanded microgrids is
proposed that uses model predictive control (MPC) enhanced with
deep learning techniques. This approach addresses the challenges
posed by distributed generation (DGs) and electric vehicles (EVs).

¢ Integration of deep learning with MPC: In this paper, a
feedforward neural network (FNN) is also designed with the
MPC framework to improve the controller performance against
uncertainties and disturbances. The FNN learns from historical
data to predict disturbances and adaptively update the system
model, increasing the robustness of the MPC controller.

e Superior performance in disturbance rejection: The MPC
based on FNN method shows superior performance in disturbance
rejection compared to traditional control methods such as linear
active disturbance rejection controllers (LADRC) and fractional
order proportional integral derivative controllers (FOPID). The
results indicate improved frequency stability and better handling
of oscillations in the microgrid.

* Comprehensive validation through experiments: The
simulations that have been carried out have proven the effectiveness
of the proposed method (The MPC based on FNN) against
disturbances and uncertainties related to the parameters related to
the islanded microgrid.

The paper consists of several Sections. In the Section 2, the
islanded microgrid structure is discussed. In the Section 3, the
design of the proposed controller is discussed to improve the
performance of the LFC loop. In the Section 4, the simulation of
the suggested technique and its comparison with other methods
used in the field of LFC are discussed. In the Section 5, the
conclusion is stated.

2. THE MICROGRID UNDER STUDY
2.1. Structure of the islanded microgrid

In an islanded microgrid, like the power system, the balance
between production and consumption must be maintained by the
LFC system, the presence of DGs and EVs due to production
fluctuations, variable loads, reduction of inertia, disturbances, and
uncertainty related to system parameters, performance It will
complicate the LFC. In Fig. 1, the structure of the islanded
microgrid is shown [31]. This system includes SG, FC, ESS,
PV, WT, and EV. In Fig. 2, the dynamic model of the islanded
microgrid considering the EV is shown. This dynamic model is a
first-order model (reduced order) that is suitable for the stability
analysis of the islanded microgrid [31].
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Table 1. Various controllers used in the LFC system structure of islanded microgrids.

Methodologies employed

Main findings

Deficiency of the method used

Fuzzy logic controller [11]

Improved frequency stability and resistant to slight
uncertainties

Not resistant to disturbances

Hoo robust control [12—15]

Improving frequency stability and being resistant
to mild disturbances as well as being resistant to
uncertainty

Lack of ability against severe disturbances,
need to know the exact model of the system

SMC controller [16, 17]

Improving frequency stability and being resistant
to mild disturbances as well as being resistant to
uncertainty

Lack of ability against severe disturbances,
need to know the exact model of the system

PI-PD cascaded controller based on SSO
[18]

Improving frequency stability and being resistant
to mild disturbances as well as being resistant to
uncertainty

Lack of ability against severe disturbances

Type II Fuzzy Logic [19]

Improved frequency stability and resistant to slight
uncertainties

Not being resistant to disturbances on the
islanded microgrid

PI-PD cascaded controller based on GWO
[20]

Improving frequency stability and being resistant
to mild disturbances as well as being resistant to
uncertainty

Lack of ability against severe disturbances

1PD-3DOFPID controller based on COA
[21]

Improving frequency stability and being resistant
to mild disturbances as well as being resistant to
uncertainty

Lack of ability against severe disturbances

Hybrid FPD-TID based on CCSA [22]

Improving frequency stability and being resistant
to mild disturbances as well as being resistant to
uncertainty

Lack of ability against severe disturbances

FOPID controller [23]

Improved frequency stability and robustness against
mild uncertainty

Not resistant to disturbances

MPC controller [24]

Improved frequency stability and robustness against
mild uncertainty

Not resistant to extreme disturbances and
extreme uncertainty

CF-FOIDF controller [25]

Improved frequency stability and robustness against
mild uncertainty

Not resistant to extreme disturbances

FTID controller based on SO [26]

Improved frequency stability and robustness against
mild uncertainty

Not resistant to extreme disturbances

Robust PID [27]

Improving frequency
parameter uncertainty

stability and resistant to

Not resistant to extreme disturbances

Output feedback control method based on
LMI [28-30]

Improving frequency stability and being resistant
to mild disturbances as well as being resistant to
uncertainty

Lack of ability against severe disturbances,
need to know the exact model of the system

LADRC [31] Improving frequency stability and resistant to | Inability to deal with uncertainty related to
disturbances system parameters
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Fig. 1. The structure of the islanded microgrid [31].

[31].

2.2. The state-space equations related to the islanded micro-

grid

3.

THE SUGGESTED TECHNIQUE TO RAISE THE

LFC’S PERFORMANCE

Eq. (1) displays the state-space equations of a system. Eq. (2)

display the microgrid state-space equations. Table 2 displays the

3.1. MPC

parameters pertaining to the islanded microgrid [31].

Fig. 2. The dynamic model of the islanded microgrid considering the EV

ey

MPC is an advanced control method that optimizes a cost
function over a forecast horizon using a model of the system. In
MPC, a system model typically defined as a state model or a
continuous-time or discrete-time linear model is used to predict the
future behavior of the system based on the current values of states
and inputs. This prediction occurs within a specific timeframe
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Table 2. The parameters pertaining to the islanded microgrid [31].

Parameter Value Parameter Value
Trc 0.1 D 1
Kre 1 R 1.11
Tess 0.1 Ky 40

KEgss 1.5 M 8.8
Tpv 1.85 Kgv 1
Kpy 1 Te 0.3
Twr 1.5 Fp 1.6
Kwr 1 Ty 0.2
Tev 0.1 T 12

known as the "Prediction Horizon" [32]. By defining a cost
function, MPC aims to determine the best inputs for the system to
ensure that its output reaches the desired value. This cost function
generally accounts for the difference between predicted outputs
and reference values, as well as a penalty for changes in inputs
[33]. In this controller, after solving the optimization problem at
each step, only the first optimal input is applied to the system,
and the optimization is then performed again for subsequent steps,
a process referred to as "continuous" or "receding horizon control
[34]. MPC controller, the system model is often expressed as Eq.

(3):

A=
r=L -1 0 11 1 1 1 1
M M. M M M M M .
o 2 X o0 0 0 0 0 0 ‘ﬁf T
_ L Ty—FpT, X
R‘;l;’ 0 JT{T‘Q 00 0 0 0 AD.
; 00 4 00 0 0 AP,
0 0 0 0 Ty 00 0 0 APgy | +
Kec o 0 0 0 L 0 0 APrc
’;ZSSO 0 0 0 040 0 APpss
'BSS BSS | APpy
0 0 0 0 0 0 0 75 0 | APwr |
0 0 0 0 0 0 0 0 =
L wrT 4
—0 ] r ;1 -
0 M
F, 0
T 0
= 0
T,
Kpv |[u]+| 0 |w()
Tev 0
0
0 0
0 0
0
L0 ] - -
y(t) =
- Af ,
AX,
AP,
AP,
o o o0 0 0 0 0 0] APpv
APrc
APgss
APpy
L APwr |
@)
z(k+1) = Az(k) + Bu(k) 3)

y(k) = Ca(k) + Du(k)

x(k) represents the system’s states at time (k) in Eq. (3) [35].
The control input at time (k) is denoted by u(k). When the system
is at time (k), its output is y(k). Here are the state model matrices

(A), (B), (C), and (D).

The cost function used in MPC for optimization is shown as

Eq. (4).

J=

N

|
A

(ke ilk) =k + )" Qy(k + il k)—

“

k3

r(k4+14) + Au(k + )T R Au(k 4 1)

The expected output at time (k+i) in Eq. (4) is y(k+ilk), which
is dependent on data at time (k). The reference value, or set point
at time (k+i), is denoted by r(k+i). The change in control input is
denoted by u(k+i). The weighting matrix for the output error is
denoted by Q. R; is the weighting matrix for control inputs. N
represents the forecast range.

In order to maintain smooth and steady control, this cost function
penalizes significant changes in the inputs while attempting to
minimize the difference between the anticipated outputs and the
reference values. One of the important advantages of MPC is
the ability to impose constraints. These constraints can include
constraints on inputs, outputs, or even system states. For example,
in Eq. (5), the limit on the input signal is shown [33].

(&)

These limits make the inputs or outputs of the system not exceed
certain values, which is very critical in microgrids (frequency
control). At each instant of time, the MPC controller solves an
optimization problem. This problem includes the minimization of
the cost function with respect to system constraints and control
constraints [34]. The result of this optimization is a sequence of
inputs for the prediction horizon. From this sequence, only the
first value is applied to the system [34].

MPC is inherently designed for controlling linear or well-
modeled systems. However, in an islanded microgrid, its
performance can be compromised by unknown disturbances
or uncertainties related to system parameters, as these factors are
often not included in the predictive model. Additionally, MPC
typically requires solving an optimization problem at each moment.
In islanded microgrids, the large number of state variables, inputs,
and constraints can lead to high computational complexity, making
real-time applications challenging. To address these limitations of
the MPC controller in islanded microgrids, this paper employs
FNN. FNN can effectively estimate unknown or complex system
dynamics by learning from system data, thereby enhancing the
performance of MPC in the presence of imperfect models.
Furthermore, FNN can estimate disturbances by analyzing past
data to predict future disturbances, enabling the MPC controller
to make more informed decisions and mitigate the impact of
these disturbances. Additionally, FNN has the capability to learn
adaptively, allowing it to adjust to changes in system parameters
over time.

Umin < U(k’) < Umax

3.2. FNN

FNN is one of the types of neural networks used to solve the
problems of sequence processing and temporal data [36]. These
networks are able to preserve past state and use it in future times,
which allows them to maintain long-term relationships and model
temporal dependencies [37].

In Fig. 3, an example of a FNN is shown [38]. This type
of network is structured as an acyclic directed graph, meaning
there are no feedback loops or recurring connections [39]. Three
different kinds of layers make up this system: input, hidden,
and output layers [39]. The input layer is the first layer and is
responsible for receiving and processing data or features before
they enter the network [40]. The output layer, on the other hand,
delivers the network’s results or predictions, with its activation
function varying based on the specific problem being addressed
[40]. In an FNN, a series of functions are applied to the input
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data, and using multiple hidden layers allows for the computation
of complex functions by breaking them down into simpler steps.
In general, FNNs can contain multiple hidden layers. Each neuron
within these layers acts as a processing unit within the network
[40].

eoe

Hidden Layers

Fig. 3. The FNN [38].

The neural network neuron is depicted in Fig. 4 as a two-step
process that involves computing the weighted sum of the inputs
and applying an activation function to normalize the result [40].

In this neuron, x1 to xn are equivalent to the inputs, Wi to
Wy, are equivalent to the corresponding weights, and b represents
the bias, and the f function is applied to the weighted sum of the
inputs. Actuator functions can be linear or non-linear [40]. In a
neuron’s output, the activator function serves as a decision-making
hub. Based on the activation functions, a neuron learns either linear
or non-linear decision limits [40]. Also, this function normalizes
the output of the neurons to prevent the output of the neuron from
becoming too large after several layers. For each input of a neuron,
there are corresponding weights. During the training phase, the
network has to learn these parameters [40].

o

wo
€1
w1
- Y
wN
N b
1

Fig. 4. The diagram of neural network neurons [40].

The network is given training examples, and the output that is
produced is compared to the intended output. The error generated
by this comparison is employed to iteratively adjust the weights of
the neurons, gradually minimizing the overall error. This weight
adjustment process is accomplished through the utilization of the
backpropagation algorithm [40].

3.3. The training algorithm

The Levenberg-Marquardt algorithm is specifically designed for
solving nonlinear optimization problems and training FNN. This
algorithm combines two optimization methods: gradient descent
and Newton’s method. Below are the key steps and equations of
this algorithm:

1. Objective of the algorithm:

Eq. (6) defines the cost function .J(#), and the algorithm’s
objective is to reduce it.

m

> (v — )

i=1

J(6)

(6)

N —

Y, represents the real output in Eq. (6). Where m is the number
of samples and g; is the models projected output.

2. Gradient calculation:

Eq. (7) defines the gradient of the cost function in regard from
the factors (weights and biases).

8J(0)

V() = =5,

@)
3. Hessian calculation
Eq. (8) defines the Hessian matrix, which holds the second
derivatives of the cost function.

_0%J(0)

H= 062

®)
4. Update rule
The parameter update in the Levenberg-Marquardt algorithm is
defined in Eq. (9).

Onew = Oota — (J* T+ X)) T )

In Eq. (9), 0 is represents the parameters (weights and biases).
The initial derivatives of the cost function with dignity to the
parameters are represented by the Jacobian matrix J. r is the
residual vector defined as r = y — ¢ is a damping factor that helps
control the update behavior. [ is the identity matrix.

Table 3. The pseudo-code of MPC controller design based on FNN.

Pseudo-code:

Initialize parameters:
Ts =0.05; N =10; ngy = 9; ny = 1; npeurons = 20; T = 50;
Arominal, B, Cy D = define_state_space_matrices();
Define Neural Network (NN):
net = create_feedforward_neural_network(nneurons, nlayem);
Set NN training parameters: epochs, learning rate, etc.
Generate training data:
(Xitrain, Yirain) = generate_synthetic_data(ng, ny, uncertainty);
Train the NN using Xqin and Yiain;
Define MPC controller:
mpcObj = create_MPC_controller( Anominat; B, C, D, Ts, N);
Set MPC cost function weights: Q, R;
Define control input constraints;
Simulation Loop (for each timestep k):
for k£ = 1 to num_steps:
Simulate parameter uncertainty:
uncertainty = generate_random_uncertainty(nz);
Anmodified = Anominal + uncertainty;
Predict disturbances using NN:
last_u = get_last_control_input(u_history, k);
input_to_nn = concatenate(ac, last_u, uncertainty);
disturbance = NN_predict(net, input_to_nn);
Update state-space model with disturbance:
Aupdated = Amodified + disturbance;
update_MPC_model(mpcObj, Aupdated; B, C, D);
Compute control action using MPC:
u = MPC_compute_control_action(mpcObj, z,r);
Update system state:
T = Anominal - T + B - u;
Save results:
x_historylk] = z;
u_historylk] = u;
Plot results;

5. Damping factor adjustment
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Table 4. Input and output parameters related to FNN.

FNN outputs  FNN inputs

Af 4
AXy do
AP, ds
AP, dy

APgy ds

APgss dr

APpy dg

APyt do
u

AP,

AM

AD

AR
AT,

AT,

AFp
AKpc
AKEss

Table 5. MPC and FNN controller parameters.

Parameters related to FNN Parameters related to the MPC controller

N 10 neurons 20

Ts 0.05 epochs 200
Q diag[10 1 1 11111 1] | Number of training data samples 5000
Ry 0.1 Number of hidden layers 4
u(k) [-0.5 0.5] Learning rate 0.01

Best Validation Performance is 0.00020961 at epoch 5

102
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Fig. 5. The performance diagram of FNN training.
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Fig. 6. The error histogram.

The damping factor A is adjusted dynamically:

0 10 20 30 40 50 60 70 80 90
Time (seconds)

Fig. 7. A small disruption is first applied to the islanded microgrid.
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Fig. 8. The FR of the islanded microgrid using different controllers,
Scenario (1).
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Fig. 9. The FR of the islanded microgrid using different controllers,
Scenario (2).

If the update results in a decrease in the cost, A is decreased
(moving toward Newton’s method). If the cost increases, A is
increased (moving toward gradient descent).

6. Convergence check

Until the cost function change is less than a predetermined
threshold or the maximum number of iterations is achieved, these
procedures are repeated.
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0 100 200 300 900

Fig. 10. The islanded microgrid is initially subjected to a significant
disruption, Scenario (3).
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Fig. 11. The FR of the islanded microgrid using MPC-FNN controllers,
Scenario (3).
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Fig. 12. The FR of the islanded microgrid using the LADRC controller,
Scenario (3).

«10™ FOPID
FOPID

4

2F 1
= |
2
= 0

2+ E
4r . . . . . . . . ]
0 100 200 300 400 500 600 700 800 900

Time (seconds)

Fig. 13. The FR of the islanded microgrid using the FOPID controller,
Scenario (3).

3.4. Designing of the MPC based on FNN to improve LFC
performance in islanded microgrid

In this paper, FNN acts as a compensator against parameter
uncertainty and disturbances on the island microgrid along with the
MPC controller. In particular, the role of FNN in MPC controller

<107 MPC-FNN
=——MPC-FNN
2| i
5
2t 4
100 200 300 400 500 600 700 800

Time (seconds)

Fig. 14. The FR of the islanded microgrid using MPC-FNN controllers,
Scenario (4).

denominator can be divided into several parts:

1) Prediction of disturbances and uncertainties: FNN is designed
to predict disturbances and uncertainties in islanded microgrid
parameters. These random changes such as uncertainty in the
matrix (A) can negatively affect the performance of the islanded
microgrid. FNN predicts these disturbances and uncertainties using
its inputs (including system states, control input, and parameter
uncertainties). In fact, by predicting these disturbances and
uncertainties, FNN helps to modify the system model in the MPC
controller and, as a result, obtain better control in the presence of
uncertainties and disturbances.

2) Compensation of disturbances and parametric uncertainties:
After predicting disturbances and parametric uncertainties by FNN,
this information is used in the system model to modify the matrix
(A). By updating the system model based on these predictions, the
MPC controller can make better control decisions and compensate
for existing disturbances and uncertainties. In other words, FNN
helps the MPC make more optimal decisions because the MPC
now has an updated and more realistic model of the system. It has
the power to include more accurate predictions of perturbations
and parameter changes.

3) Ability to adapt to parameter changes: FNN can perform well
in situations where the system undergoes unexpected parameter
changes due to its ability to adapt to changes. This allows the
system to remain stable in the face of various and unforeseen
changes.

In general, the role of FNN in this paper is to predict and
compensate for parameter uncertainties and disturbances on the
island microgrid, which helps the MPC controller to perform better
in the face of uncertain conditions and provide accurate control.
FNN helps improve system performance in real time by updating
the system model and predicting disturbances.

The pseudo-code of MPC controller design based on FNN in
order to improve LFC performance in islanded microgrid is shown
in Table 3.

4. SIMULATION

Table 2 displays the islanded microgrid’s parameters. The FNN’s
inputs, outputs, and structure are then described. The 19 inputs of
FNN comprise the following: the present status of the islanded
microgrid, the control signal produced by the MPC, and any
disruptions or uncertainties pertaining to the islanded microgrid’s
characteristics. The outputs of FNN are the predicted disturbance
values for 9 states of the islanded microgrid (d1, d2,...dg). These
outputs are used as input to the islanded microgrid model to
compensate the dynamic changes of the system in the face of
uncertainties and disturbances.

In this way, FNN uses information on system states and control
input as well as disturbances to predict future disturbances and
this information is used as feedback in the system model so that
the MPC controller can perform better. In Table 4, the input
and output parameters of FNN are shown. Levenberg-Marquardt
algorithm has been used to train FNN. The parameters related to
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the MPC and FNN controller are shown in Table 5. According
to the information in Table 3 and Table 4, the training process
related to FNN has been simulated in MATLAB software. In Fig.
5, the performance diagram of FNN training is shown, which
has the best performance in iteration 5 and its value is equal to
0.00020961. In Fig. 6, the error histogram is shown. According to
the graphs related to the FNN training, this method has been able
to map the inputs to the outputs in the neural network.

Simulation has been done in four scenarios. Using several
controllers, the impact of a little disruption on the islanded
microgrid in scenario (1) has been studied. The impact of a
small disruption and a small degree of uncertainty in the islanded
microgrid’s characteristics employing various controllers has been
studied in scenario (2). Using several controllers, the impact of
a major disruption on the islanded microgrid has been studied
in scenario (3). Several controllers have been used to examine
the impact of major disruption and severe uncertainty on islanded
microgrid characteristics in scenario (4).

x10° LADRC

df{pu)

100 200 300 400 500 600 700 800
Time (seconds)

Fig. 15. The FR of the islanded microgrid using the LADRC controller,
Scenario (4).
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Fig. 16. The FR of the islanded microgrid using the FOPID controller,
Scenario (4).

Scenario (1): In this scenario, a small disruption is first applied
to the islanded microgrid according to Fig. 7. Fig. 8 shows the FR
of the islanded microgrid using different controllers. According
to the results of this scenario, the proposed method (MPC-FNN)
has been able to reduce the effect of disruptions on the islanded
microgrid compared to other mentioned methods, and this method
has been able to reduce the frequency deviations and damp it in
a faster time. Table 6 displays the outcomes of scenario (1) with
various controllers. Scenario (1) evaluates the microgrid’s response
to a small disturbance using three controllers: MPC-FNN, LADRC,
and FOPID. The results are analyzed based on their ST, MO, and
MU. The analysis focuses on (ST), as well as the combined impact
of MO and MU. The MPC-FNN controller achieves stabilization
in ST = 0.4 seconds, which is the fastest among the three
controllers. The combined MO and MU values are 0.5 x 107*
and 0.3 x 107%. These results demonstrate that MPC-FNN is
highly effective in managing disturbances, maintaining precision
and stability under challenging conditions. The LADRC controller
stabilizes the system in ST = 1.3 seconds, which is significantly
slower than MPC-FNN. The combined MO and MU values
are 1 x 107 and 1 x 1074, showing moderate overshoot and

undershoot. While LADRC performs reasonably well, its longer
settling time and higher combined MO and MU values highlight
its limitations in effectively handling small disturbance compared
to MPC-FNN. The FOPID controller stabilizes the system in ST
= 1.5 seconds, making it the slowest of the three controllers. The
combined MO and MU values 3 x 10™* and 3 x 10~%, which
reflect significant overshoot and undershoot. These results indicate
that FOPID struggles the most in managing small disturbances,
demonstrating poor overall performance in this scenario. These
results suggest that FOPID performs the weakest in this scenario,
with both slow response and high deviations.

Scenario (2): In this case, as shown in Fig. 7, the islanded
microgrid is initially subjected to a small disruption. The impact
of parameter uncertainty (M=-30%) for the microgrid is taken
into account in this scenario. The FR of the islanded microgrid
with various controllers is displayed in Fig. 9. Based on the
scenario findings, the suggested approach (MPC-FNN) outperforms
the other approaches listed in terms of its ability to lessen the
impact of disruptions on the islanded microgrid and its resilience
to parameter uncertainty. Additionally, the frequency variations
have been able to be dampened and reduced more quickly
with the suggested strategy. Table 6 displays the outcomes of
scenario (2) with various controllers. Scenario (2) evaluates the
microgrid’s performance under a small disturbance combined
with parameter uncertainty (M = -30%), using three controllers:
MPC-FNN, LADRC, and FOPID. The analysis focuses on (ST),
as well as the combined impact of MO and MU. The MPC-FNN
controller achieves stabilization in ST = 0.42 seconds, which
is the fastest among the three controllers. The combined MO
and MU values are 0.52 x 10™% and 0.33 x 10~*. These results
demonstrate that MPC-FNN is highly effective in managing both
disturbances and parameter uncertainty, maintaining precision and
stability under challenging conditions. The LADRC controller
stabilizes the system in ST = 1.4 seconds, which is significantly
slower than MPC-FNN. The combined MO and MU values
are 2 x 107* and 2 x 10™%, showing moderate overshoot and
undershoot. While LADRC performs reasonably well, its longer
settling time and higher combined MO and MU values highlight its
limitations in effectively handling parameter uncertainty compared
to MPC-FNN. The FOPID controller stabilizes the system in ST
= 1.7 seconds, making it the slowest of the three controllers. The
combined MO and MU values 4 x 10~* and 4 x 10™*, which
reflect significant overshoot and undershoot. These results indicate
that FOPID struggles the most in managing disturbances and
parameter uncertainty, demonstrating poor overall performance in
this scenario.

Scenario (3): In this case, as shown in Fig. 10, the islanded
microgrid is initially subjected to a significant disruption. Using
MPC-FNN controllers, the FR of the islanded microgrid is
displayed in Fig. 11. The FR of the islanded microgrid using
the LADRC controller is displayed in Fig. 12. The FR of the
islanded microgrid using the FOPID controller is seen in Fig.
13. The outcome of this scenario indicates that, in comparison
to the other ways described, the suggested approach (MPC-FNN)
has been able to lessen the impact of severe disruptions on the
islanded microgrid. Table 6 displays the outcomes of scenario (3)
with various controllers. Scenario (3) evaluates the microgrid’s
response to a major disturbance using three controllers: MPC-FNN,
LADRC, and FOPID. The results are analyzed based on their
MO and MU. The combined MO and MU values are 3 x 10™°
and 3 x 1077 (MPC-FNN controller). These results demonstrate
that MPC-FNN is highly effective in managing disturbances,
maintaining precision and stability under challenging conditions.
The combined MO and MU values are 6 x 107° and 6 x 107¢,
showing moderate overshoot and undershoot (LADRC controller).
While LADRC performs reasonably well, its higher combined MO
and MU values highlight its limitations in effectively handling
major disturbance compared to MPC-FNN. The combined MO
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Table 6. The results of different scenarios using MPC-FNN, LADRC and FOPID controllers.

Controller Scenario (1) Scenario (2) Scenario (3) Scenario (4)
MO (pu) MU (pu) ST (sec) \ MO (pu) MU (pu) ST (sec) \ MO (pu) MU (pu) ST (sec) \ MO (pu) MU (pu) ST (sec)
MPC-FNN | 0.5 x10~% 0.3 x 10~ 7% 0.4 0.52x10-% 0.33x 10~ 7 0.42 3x1077 3x10~7 - 4x1077 4x1077 -
LADRC 1x 1074 1x 1074 1.3 2x 1074 2x 107 1.4 6x1076 6x10°6 12x107¢  12x 1076
FOPID 3x 1074 3x 1074 15 4x1074 4x 1074 1.7 4x107% 4x1074 6x10"% 6x1071
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