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1. Introduction

The capacity of a PS to keep its frequency within a
consistent and tolerable range is known as
frequency stability [1]. A certain nominal
frequency is assigned to each electricity system; in
many nations, that frequency generally 50 Hz or 60
Hz [2]. When a PS's frequency stays within the
allowable range in spite of fluctuations in demand
and disruptions, it is said to be stable [3]. If this
stability is compromised, the system will
experience problems such as reduced power
quality, disruption of sensitive equipment, and
even widespread outages [3,4]. Sudden load
changes and disturbances are among the main
factors of frequency deviation in a PS [5-7]. For
example, a sudden increase in load causes the
generator turbines to slow down, resulting in a
decrease in the frequency of the PS, while a
decrease in load can cause an increase in the
frequency. In conditions where the frequency
deviation exceeds the permissible limit, sensitive
equipment is automatically disconnected from the
network to prevent possible damage; this leads to
further instability and a chain of outages. LFC
systems are employed in single-area and multi-area
PS architectures to overcome these issues [9-10].
The primary goals of LFC are to coordinate power
flows between interconnected areas and to hold the
system frequency at its nominal level [11]. By
modifying power plant generation, this controller,
which functions at the energy generation level,
rectifies frequency and power exchange
aberrations [12]. In PSs, LFC systems are often
deployed in a multi-layered fashion: 1) Primary
control 2) Secondary control 3) Tertiary control
[11,12].

Using mechanical adjustments to the
generators, primary control works locally to try to
return the frequency to its starting point [10,11].
This adjustment is fast but usually cannot
completely correct the frequency deviations [11].
Secondary control operates centrally as LFC
system and compensates for the remaining
deviations in frequency that the primary control
was unable to completely correct [10,11]. This
control is carried out by changing the generation of
different power plants and has a slower response
time but is more accurate [11]. This layer helps to
economically regulate and optimize the generated
power so that the system remains cost-effective.

The emergence of new problems in modern PSs
highlights the need for advanced LFC control
strategies [9,10]. Among these challenges include
load disruptions and the unpredictability of PS
parameters [9,10]: In PSs, sudden and unforeseen

fluctuations in electricity demand are referred to as
load disturbances. These changes can directly
affect LFC performance and jeopardize the
frequency stability of the system [9]. To keep the
equilibrium between electricity supply and
demand, generators in a PS supply the precise
amount of power required [9]. When the load
suddenly increases or decreases, this balance is
disrupted, causing the PS's frequency to fluctuate

and deviate from the nominal value [9,10].

Uncertainties exist in a number of PS

characteristics, such as load variations, generator

dynamics, and inter-area interactions [9,10]. It is
challenging to develop and fine-tune the LFC

controller because of these uncertainties [11].

Multiple control approaches have been integrated

into the LFC framework of PSs to address these

challenges, and Table 1 outlines the benefits and
drawbacks associated with each technique.

The construction of the LFC system connected
to the PS has employed a variety of control
techniques (single-area and multi-area), each with
pros and cons. A control strategy that can endure
these difficulties and preserve the frequency
stability associated with the multi-area PS must be
developed, since the LFC system in the PS needs
to be resilient to significant disruptions and
significant uncertainties pertaining to the system
parameters. Adaptive FFOPID control has been
applied in the LFC system structure in this research
to address uncertainties and disturbances while
improving frequency stability in the TAPS.
Additionally, reinforcement learning has been used
to enhance the adaptive FFOPID controller's
performance. For a number of important reasons,
RL design has been used to enhance the fuzzy
FOPID controller's performance in the two-area
PS:

Automatic parameter optimization: RL allows
the FFOPID controller to automatically adjust
control parameters based on feedback received
from the system. This automatic optimization
process enables the controller to respond quickly
and effectively to dynamic changes in the system.
This feature is especially important in situations
where system parameters are affected by
disturbances or environmental changes. Using RL
algorithms, the controller can use past experiences
to better adjust parameters in the future,
Consequently, the system's overall performance is
improved.

e Uncertainty and disturbance management: RL
increases the ability to manage uncertainties
and disturbances. By finding patterns in the
input and output data, the controller may use
this technique to more accurately forecast how
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the system will behave. These predictions help
the controller make better decisions when faced
with unexpected conditions and prevent large
fluctuations or errors. RL can also help the
controller adapt to drastic changes in
environmental conditions or system parameters.
e Performance-based reward: The controller in
RL receives rewards according to how well it
performs, and these incentives serve as inputs
for improved learning. The FFOPID controller
can determine and strengthen the most effective
control tactics thanks to this incentive system.
The controller's performance will thus
gradually increase as a result of this learning
process. This method also makes it possible to
adjust to changing circumstances more quickly.
e Environmental change adaptation: The RL-
influenced FFOPID controller is able to adapt
to environmental changes with success. This
adaptation is the outcome of the controller's
rapid learning and condition adaption. For
instance, in order to retain the intended
performance, the controller can adjust its
settings by evaluating fresh data and drawing on
prior experiences in the event that the loading
circumstances or system dynamics change. This
feature improves the system's stability and
dependability in the face of environmental
changes.
The effectiveness of the suggested control
method (FFOPID-RL) against disturbances and
uncertainty of the two-area PS's parameters in

various scenarios has been compared with that of
the FFOPID, PDSMC, and SMC control methods.
The findings indicate that the control method is
better at lowering frequency deviations' settling
times, lowering frequency deviations, and
improving the dampening of oscillations in
frequency related to with the two-area PS. The
paper has several sections. In the second section,
the TAPS and its state space equations are
discussed. In the third section, the design of an
improved FFOPID controller with a RL algorithm
for the TAPS is discussed. In the fourth section, the
proposed method (FFOPID-RL) is compared with
other control methods in the TAPS. In the fifth
section, the conclusion is also stated.

2. TAPS

Fig. Lillustrates the TAPS dynamic model [27-30].
For frequency stability analysis, the first-order
model of the TAPS components is used for a
number of reasons, such as its ease of use and
effectiveness in examining the PS's dynamic
behavior, its capacity to forecast dynamic
behavior, its responsiveness to minor disturbances,
and its optimal analysis of dynamic stability [27-
30]. A generator, a non-reheat turbine, and a
governor are included in each section of this
system [30]. A governor dead band (GDB) is taken
into account in the governor model, and a
generation rate constraint (GRC) is taken into
account in the non-reheat turbine model [29,30].

Table 1. Outlines the benefits and drawbacks associated with each technique.

. Lower increase the robu_st to robust to robu_st to robust to
Deficiency of the method used freq_ue_ncy PS's stability mlld_ extreme mild _ severe
deviations uncertainty uncertainty disturbances disturbances
MPC Controller [12-14] v v v X X X
SMC controller [15,16] v v v v X X
SMC Controller- meta-heuristic
algorithm [17] v v v v 8 8
PID-LOA Controller [18] v v v v X X
PID-PSO Controller [19,20] v v v v X X
H_co Controller [21] v v v v v X
Cascaded PD-PI Controller [22] v v v v v X
Cascaded PDN-PI Controller [23] v v v v X X
FOPID-HGSO Controller [24] v v v v X X
FOPID-OSA Controller [25] v v v X v X
FOPID-FPA Controller [26] v v v X v X
Fuzzy Controller [27,28] v v v X v X
Fuzzy PID controller [29] v v v X v x
PDSMC Controller [30] v v v v v X
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Fig. 1. TAPS dynamic model [27-30].

Equation (1) defines the governor-related
transfer function [29,30].

GH(S) = m, (1)

In Equation (1), Tei represents the governor’s
time constant for region i within the PS, where i
can be area (1) or area (2) (i=1,2). Equation (2)
displays the non-reheat turbine's transfer function
[29,30].

Gr(s) = Tos+1° 2

In Equation (2), Ty is the time constant of the
non-reheat turbine corresponding to area i of the PS
(i=1,2). In Equation (3), the transfer function
corresponding to the generator is shown [29,30].

ko:
Go() =777 ®3)

In Equation (3), kpi and Ty are the gain and time
constant of the PS of area i (i=1,2), respectively
[29,30]. In Equation (4), the deviations of the
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communication error power are shown [30].
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f Af;dt) 4)
0

In Equation (4), Ty is the coefficient of the
connection line between the two PSs. In Equation
(5), the area control error (ACE) corresponding to
areas (1) and (2) is shown [30].

ACEl = Z Aptiein + :BlAfl

APtieij = ZﬂTl](f Afldt -
0

®)
i=1,2,i#n

Equation (5) uses P to represent the PS's
frequency bias and ACE to represent the area
control error [29]. For each area of the PS, the state-
space equation of the PS of area (1) and area (2) is
derived using Equations (1) through (5), and it is
shown using Equations (6) and (7) [27-30].

x = Ax(t) + Bu(t) + Dd(t) (6)
y = Cx(t)
0 8 | AP,
llar,1 + |_’;_P 0 I[Aufi]
0 " ZnJ (7)



149 Sustainable Energy and Artificial Intelligence, Vol. 2, No. 3. pp. 145-159, 2026

A is the system matrix, B is the system input
vector, u(t) is the control input, D is the disturbance
vector, d(t) is the external disturbance that impacts
the system, and x(t) is the state vector in Equation
(6). In Equation (7), APgi represents the area i
generator output power variation, AP represents
the area i1 mechanical power variation, Af;
represents the area i frequency deviation, APy;
represents the load variation, AP represents the
area i control signal, APye represents the output
power of the communication line between the two
areas, and Av; This signal corresponds to the
interchange control command linking area 1 and
area 2 within the power network.

3. Design of an improved Fuzzy FOPID
controller with RL for the <TAPS
3-1. FOPID Controller

3-1-1. Definition and characteristics of FOPID
controller

FOPID is an advanced version of the classical PID
controller in which the derivative and integration
are performed with fractional orders [31-33]. This
type of controller has several advantages over the
PID controller, including greater flexibility, more
accurate control, better transient response, reduced
steady-state error, and better compatibility with
optimization algorithms and neural networks [31-
33].

Due to these features, the use of FOPID
controller can have better performance in complex
dynamic systems.

The FOPID controller signal is obtained from
Equation (8) [34-36].

u(t) = Kye(t) + K;Di “e(t) + KD e(t) (8)

The proportional coefficient in Equation (8) is
denoted by K, the integral by K;, the derivative by
K, the fractional integration operator of order o by
D %, the fractional differentiation operator of order

B by D# and the control error by e(t).

3-1-2. Definition of fractional derivative and
fractional integration in FOPID controller

For the FOPID controller, fractional-order

derivative and integration are a generalization of

the ordinary derivative and integration operations

and are defined as Equation (9) [34-36].
y 1
Dif® = Tm—vdc

t 9)

f t—0" " (D)de

0

In Eequation (9), I is the gamma function, v is
the fractional order, which can be a fractional
value or even negative, and n is the smallest
integer greater than v.

3-2. FFOPID Controller
3-2-1. Advantages of FFOPID Controller

The FFOPID controller has several advantages
over the conventional FOPID controller, including
[31-33]:

e Automatic parameter tuning: In the FOPID
controller, the control parameters are controlled
online based on fuzzy rules, which improves the
control performance against dynamic changes
in the system

e Improvement against system uncertainties: This
controller is robust against system uncertainties
and manages them.

e Accurate and fast response: This controller
provides a fast and accurate response to input
changes and reduces the settling time and also
reduces the stable error.

o Greater flexibility: This feature of the fuzzy
FOPID controller allows for more complex and
better design for the systems.

e Considering the features mentioned above, in
this paper, the FFOPID controller has been used
to improve the performance of the LFC system
ina TAPS.

3-2-2. Fuzzy structure and system related to the
FFOPID controller

Fig. 2. depicts the structure of a fuzzy system [37].
A defuzzifier, a rule base, an inference engine, and
a fuzzifier are the primary parts of this system [37].
The fuzzifier section's job is to turn numerical and
exact inputs into fuzzy data [37]. Incorporating a
series of fuzzy rules in the "if...then" format is the
responsibility of the rule base section [38]. These
guidelines establish what the output should be
under various input circumstances and are created
using the designers' expertise or knowledge
[37,38]. The task of the inference engine is to
evaluate the degree of compliance of the fuzzy
inputs with the rules in the rule base, and based on
this compliance, various decisions will be
produced that indicate possible outputs for the
system [37,38]. In the defuzzifier, the results
obtained from the inference engine, which are in
the form of fuzzy sets, will be converted into
precise and numerical values [37,38]. This process
helps in choosing the best decision based on the
outputs [37,38].
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Fig. 3. Input and output variables for the FFOPID controller.

In this paper, a fuzzy system is used to adjust
the parameters Kp, Ki, Kd, a, and B of the FOPID
controller.

Table 2. The fuzzy inference rules for Kop.

ACE = o(t) AACE = e(t)

NB NM NL Z PL PM PB
NB PB PM PL PL PM PM PB
NM PM PL PL PL Z PM PB
NL PL PL Z Z Z PL PM
z PL PL Z Z Z PL PL
PL Z zZ z zZ zZ Z PL
PM Z PL PL PL PM PM PB
PB PB PM PM PM PM PB PB

3-3. Implementation of the fuzzy FOPID
controller of the LFC structure related to the
two-area PS

The implementation of the FFOPID controller of
the LFC structure related to the TAPS consists of
several steps.

3-3-1. Definition of input and output variables for the
FFOPID controller

This work makes use of the Mamdani fuzzy
inference system. The input and output variables
for the FFOPID controller are displayed in Fig. 3.
This fuzzy system's inputs are the ACE and the
AACE, and its outputs are, in that order, K;, Kj, Kg,
a, and P.

3-3-2. Define membership functions for the FFOPID
controller's input and output variables

Membership functions for inputs and outputs are
divided into seven categories, NB, NM, NL, Z, PL,
PM and PB in order to classify variables into
linguistic values. In Fig. 4, membership functions
for inputs and outputs of FFOPID are defined.

3-3-3. Definition of fuzzy inference rules for
determining input variables related to the FFOPID
controller

Fuzzy inference rules are taken into consideration
in order to ascertain the output values of the
FFOPID controller. The fuzzy inference rules for
Ky are based on ACE and AACE, as shown in Table
2. The fuzzy inference rules for K; are based on
ACE and AACE, as shown in Table 3. The fuzzy
inference rules for Ky are based on ACE and
AACE, as shown in Table 4. The fuzzy inference
criteria for a, B are based on ACE and AACE, as
shown in Table 5.

Table 3. The fuzzy inference rules for Ki

ACE = e(t) AACE = e(t)

NB NM NL Z PL PM PB
NB PB PB PM PM PL PL Z
NM PM PM PL PL Z Z NL
NL PM PL PL Z Z NL NM
z PL PL Z Z Z NL NM
PL PL Z Z Z Z NL NM
PM Z Z NL NL NM NM NB

PB Z NL NM NM NM NB NB
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NB NI'u'II I ML Z PL I I PM FB NB NMI I ML Z IPI'u'I PB
08 08 04 D20 12 04 08 08 48 08 04 D20 12 04 068 08
input variable "Delta-ACE" input variable "ACE™
NB M NL Z PL P PB MB M ML Z P
) 0O : 2 25 3 15 : ' ) il : 2 25 3 15 15
output variable "KI output varable "Kp®
NB MM MWL Z PL P PB NE M HL zZ P PB
] ) 12 03 04 05 08 07 08 08 ) 0f ' 2 25 3 5 by
_ outuutvaliabfawuha‘ _ _outuutvaliable_'Kd'
MNEBE M ML z PL P PE
1 1. 12 1.3 1 4 1.5 16 1.7 158 1.8
output variable "Beta™
Fig. 4. The membership functions for inputs and outputs of fuzzy FOPID.
Table 4. Fuzzy inference rules for Kq. Table 5. The fuzzy inference rules for o, B.
ACE = e(t) AACE = e(t) ACE = e(t) AACE = e(t)
NB NM NL Z PL PM PB NB NM NL Z PL PM PB
NB PB PM PL Z Z NL NM NB PB PM PL Z Z NL NM
NM PM PL PL Z Z NL NM NM PM PL Z Z Z NL NM
NL PL PL Z Z NL NM NB NL PL PL Z Z Z NL NM
Z PL z2 2z 2z Z Z PL Z PL Z Z Z Z Z PL
PL Z Z 7Z Z Z Z PL PL Z Z Z Z Z Z PL
PM Z Z PL PL PM PM PB PM Z Z PL PL PM PM PB
PB Z PL PM PM PM PB PB PB Z PL PM PM PM PB PB
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4-3-3. Defuzzification of variables related to the
FFOPID controller

The centroid approach uses the output membership
function's center of gravity to produce the final
output, which contains the FOPID controller
coefficients. In this study, we derive the formula
for defuzzification of the fuzzy system using the
center of gravity approach from Equation (10) [37,
38].

i HiX;

ik

In Equation (10), Output is the final de-
fuzzified output (Kp, Ki, Kd, a and B), i represents
each output language set, w is the calculated
membership degree for the ith output language set,
and x; is the center or representative value of the ith
output language set (the center of each triangular
membership function is considered).

In this paper, RL is used to improve the
performance of a FFOPID controller in a TAPS
for several key reasons:

1) Automatic parameter optimization 2)
Uncertainty and disturbance management 3)
Performance-based reward 4) Adaptation to
environmental changes.

Output = (10)

4-4. RL

Q-learning is a popular algorithm in RL that has
many advantages that make it suitable for various
applications [39]. The following are the key
reasons why Q-learning is suitable: Overall, the
model-free nature, simplicity, flexibility, effective
exploration strategies, and convergence properties
of Q-learning make it a powerful choice for RL
applications in various domains [40]. The ability to
learn optimal policies without requiring a detailed
understanding of the environment increases its
applicability in real-world scenarios where such

details may not be available [40-42].

A value-based RL technique called Q-Learning
seeks to determine the appropriate course of action
for an agent in every circumstance so that it can
maximize its long-term reward [40-42]. The
fundamental ideas of the Q-Learning algorithm are
as follows:

e State: The current state of the agent in the
environment, denoted by s.

e Action: An action that the agent can take,
denoted by a.

e Reward: The feedback that the agent receives
after performing each action, indicating
whether that action is positive or negative.
This is denoted by r.

¢ Policy: A map that suggests the optimal action
for each situation.

e Q-Value: The anticipated benefit that the agent
will get for carrying out action a in state s and
thereafter adhering to the best course of action.
Finding the optimal value function Q*(s, a), or

an estimate of the total expected reward that the

agent obtains from state s by carrying out action a

and then adhering to the optimal policy, is the aim

of Q-Learning. Equation (11) illustrates the use of

a recurrence relation known as the Bellman

equation to derive this function [40-42].

Q"(s,a) = E[r+ymax Q(s,a)ls,a]  (11)
s stands for the present state, a for the current
action, r for the instant reward for doing action an
in state s, and s' for the new state that is the
consequence of executing action a, the next action
to be performed in state s' by a', and the discount
factor y, which ranges from O to 1, that establishes
the significance of future rewards [40].

Equation (12) states that the Q-Learning
update rule is used at each step to update the value
of Q(s, a) for the current state and action [41,42]:

Q(s,a) « Q(s,a)

+ 6[r
+ ymax,Q(s’,a’)
—Q(s,a)]

In Equation (12), § is the learning rate that
determines the importance of new experiences (a
number between 0 and 1).

Equation (12) means that the current value of
Q(s, a) is combined with a new value calculated
from the received reward r and the maximum value
of Q for the new state s'. This updating process
causes the estimate of Q(s,a) to gradually approach
the optimal value Q*(s,a). The steps of the Q-
Learning algorithm are as follows [41,42].

1) Initialization: First, the values of Q(s,a) for all

states and actions are initialized to a fixed value

(such as zero).

2) Learning loop:

For each step:

2-1) Observe the current state s.

2-2) Select an action a using a policy such as

greedy-¢:

2-3) Policy greedy-¢: For exploration, choose a
random action with probability €. For
exploitation, choose the optimal action with
probability 1-¢.

2-4) Get reward r and new state s' by carrying
out action a.

2-5) Utilizing the update rule Q, refresh the
value of Q(s, a).

2-6) Change the state to s'.

(12)
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3) Stopping condition: The learning loop continues
until it reaches a stopping condition (such as a
certain number of steps or episodes, or the
convergence of Q(s, a) to a stable value). In Fig. 5,
the structure of the RL algorithm is shown [40-42].
In order to optimize the settings of a FFOPID
controller for the two-area PS, RL is crucial in this
work. In order to improve the frequency stability
and performance of the LFC system, RL aims to
lower the errors (ACE) in each section of the PS in
response to uncertainties and disturbances. Each
episode of the RL process corresponds to a cycle of
contact with the environment (two-area PS). After
every action, the agent is rewarded according on
how well it performed. In this method, the reward
is calculated as the negative of the absolute value
of the ACE of each area of the PS, which
encourages the reduction of ACE values. Also, in
this method, the agent uses the feedback of
previous actions (ACE values and control signals)
to update its understanding of how to effectively
adjust the control parameters.

The RL inputs in this paper are:1) ACE (2)
AACE- Input range: [-1, 1] (normalized).
The outputs of the fuzzy inference system (FIS)
that are tuned through RL are:
1) Ky 2) Ki3) Kg,4) a, 5) B

This adaptive approach allows for better
handling of uncertainties and disturbances in a
dynamic environment such as a PS.

4-5. Steps to design an improved FFOPID
controller with RL algorithm for a TAPS

The steps for designing an improved FFOPID
controller with RL algorithm for a TAPS are given
below:

Step 1: Start

Step 2: Define Nominal Parameters

Step 3: Introduce Uncertainty to PS parameters
Step 4: Define Disturbance Function

Step 5: Set Up Fuzzy FOPID Controller

Step 6: Define State-Space Model Matrices

Step 7: Initialize State Vectors

.Step 8: RL Loop

Step 9: Plotting Results

The pseudocode for designing an improved
FFOPID controller with RL algorithm for a two-
area PS is given below:

//Step 1:

Start

I/ Step 2: Define nominal parameters for the
TAPS

Define nominal parameters R1, Kp1, Tp1, Te1, f1,
Tu for areal
Define nominal parameters Ry, kpz, Tpz, Tez, B2 ,
Tw for Area 2
Define nominal tie-line power transfer
coefficient Tij _nominal
// Step 3: Introduce uncertainty to parameters
Set uncertainty_level to 0.2 (20% uncertainty)
Generate random values for Ry, Kp1, Tp1, Tey, f1,
Tu, R2, Koz, Tp2, Taz, f2, To USing the
uncertainty level
/I Step 4: Define disturbance function
Define disturbance function as a sine wave
disturbance
I/ Step 5: Set up fuzzy FOPID controller
settings
Create fuzzy inference system (FIS) named
'Fuzzy_FOPID_Controller'
Add inputs ACE and Delta_ ACE to the FIS
Define membership functions for ACE and
Delta_ ACE
Define output membership functions for Kp,
Ki, Kd, Alpha, Beta
I Step 6: Define state-space model matrices for
Area 1 and Area 2
Define state-space model matrices Az and
B1_state for Area 1
Define state-space model matrices A, and
B,_state for Area 2
I/ Step 7: Initialize state vectors for both areas
Set initial states x_state_1 and x_state 2 to zero
vectors
/I Step 8: Set up reinforcement learning loop
over specified episodes
For each episode from 1 to num_episodes do:

/I Step 8a: Calculate disturbance value for
this step

disturbance_value = disturbance(episode)

/ Step 8b: Calculate ACE and Delta ACE
for each area

ACE_1 = Generate random value between -
0.5 and +0.5 plus disturbance_value

Delta_ ACE_1 = ACE_1 - previous state
value of x_state_1(1)

ACE_2 = Generate random value between -
0.5 and +0.5 plus disturbance_value

Delta_ ACE_2 = ACE_2 - previous state
value of x_state 2(1)

I/ Step 8c: Apply fuzzy controller to get
outputs for both areas

I/ Step 8d: Extract control parameters from
fuzzy outputs

Kp_1 = output_1(4)

Ki_1 = output_1(5)

Kd 1 =output_1(6)
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Alpha_1= output_1(7)
...Beta 1= output 1(8)

Kp_2 = output_2(4)

Ki_2 = output_2(5)

Kd_2 = output_2(6)

Alpha_2= output_2(7)
...Beta_2= output_2(8)

/I Step 8e: Calculate control signals using
FOPID control formula

u_1 = Calculate control signal for Area 1
using Kp_1, Ki_1, Kd_1, Alpha_1, Beta_1

u_2 = Calculate control signal for Area 2
using Kp_2, Ki_2, Kd_2, Alpha_2, Beta 2

I/ Step 8f: Update states for both areas using
state-space model equations

X_state 1 =Al1* x_state 1+ B1 state*u_1

X_State_2 = A2 * x_state 2 + B2_state *u_2

I/ Step 8g: Record frequency changes in each
area based on updated states

frequency_changes_1[episode] =
X_state_1(1)

frequency_changes_2[episode] =
X_state _2(1)
End For

S— —»|

Agent -

|

a(action)

- >
s(state) |r:(reward)

L1 I't+1
!
Fig. 5. The structure of the RL algorithm [40-42].

4. Simulation

The parameters of the system under study are
displayed in Table 6. To compare the performance
of the suggested approach (FFOPID-RL) with the
control methods FFOPID, PDSMC, and SMC in
the LFC structure of the TAPS, four scenarios are
taken into consideration in this work. The
suggested technique (FFOPID-RL) is contrasted
with other control strategies (FFOPID, PDSMC,
and SMC) in scenario (1) to guard against
significant disruptions that enter the TAPS. In
scenario (2), the proposed method is compared
against alternative control strategies to safeguard
the TAPS from small disturbances. In scenario (3),
the proposed method is combined with additional
control strategies FFOPID, PDSMC, and SMC to
analyze the simultaneous effects of severe
disturbances and mild uncertainty in the power
system parameters. In order to evaluate how well
the suggested approach performs in the face of
significant disruptions and extreme uncertainty

about the PS characteristics, scenario (4) is also
taken into consideration.

Table 6. The parameters of the system under study.

Parameters Area (1) Area (2)
Kpi 120 Hz/pu. MW 115 Hz/pu. MW
Toi 20s 20s
Tai 0.08s 0.06s
Tii 0.40s 0.44s
B 0.3483pu/Hz 0.3827pu/HZ
Tij 0.20 pu/Hz 0.20 pu/Hz
R 3Hz/pu 2.73Hz/pu

4-1. Scenario (1)

Fig. 6 displays the load disturbances on area (1) of
the PS. Fig. 7 illustrates the load disturbances on
area (2) of the PS. Based on the FFOPID-RL,
FFOPID, PDSMC, and SMC control techniques,
the frequency response of area (1) and area (2) of
the PS is displayed in Figs. 8 and 9
correspondingly. As demonstrated in Figs. 8 and 9,
the proposed FFOPID-RL controller surpasses
other control methods in performance and remains
robust against large load disturbances affecting
areas 1 and 2 of the PS. Moreover, the proposed
technique achieves a faster settling time and
effectively reduces frequency deviations in areas 1
and 2 of the power system. Table 7 presents the
performance results of the various controllers
employed in the load-frequency control
configuration for scenario 1.

0.2

0.15

0.1

dPL1{pu)

0.05

0

0 50 160 1I50 260 2I50 300
Offset=0 Time (seconds)

Fig. 6. The load disturbances affecting the area (1)
of the PS, Scenario (1) [25].

0.1
0.08

=

2008

(o]

T 0.04

-
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0

0 SID 1[I)D 150 250 2I50 300
Time (seconds)
Fig. 7. The load disturbances affecting the area (2)
of the PS, Scenario (1) [25].
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Fig. 9. The frequency response of area (2) of the PS, Scenario (1).

Table 7. Results of different controllers used in the
LFC structure related to scenario (1).

Af1(Hz) Afy(Hz)
Controller MO MU ST MO MU ST
(Hz) (Hz) (sec) (Hz) (Hz) (sec)
FF%PLID' 0.05 011 73 004 009 71
FFOPID 008 028 81 007 014 79
PDSMC 0.19 070 84 0.16 056 82
SMC 0.20 0.70 120 0.14 054 120

4-2. Scenario (2)

Fig. 10, which depicts the load disturbances on area
(1) of the PS. Fig. 11 illustrates the load
disturbances on area (2) of the PS. Based on the
FFOPID-RL, FFOPID, PDSMC, and SMC control
techniques, the frequency response of area (1) and
area (2) of the PS is depicted in Figs. 12 and 13
correspondingly. As illustrated in Figs. 12 and 13,
the proposed FFOPID-RL controller surpasses

other control technigques and remains robust against
small load disturbances affecting areas 1 and 2 of
the PS. Furthermore, the proposed method exhibits
a faster settling time and effectively diminishes the
frequency deviations in areas 1 and 2 of the PS.
Table 8 displays the outcomes of the various
controllers employed in the LFC structure
associated with scenario (2).

0 160 260 360 460 560 600
Time (seconds)
Fig. 10. The load disturbances affecting the area (1)
of the PS, Scenario (2) [25].
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0 160 2[I)D 350 460 5[I)D 600
Time (seconds)
Fig. 11. The load disturbances affecting the area (2)
of the PS, Scenario (2) [25].
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Fig. 12. The frequency response of area (1) of the
PS, Scenario (2).

0.1r

s FFOPID-RL

df2(Hz)
&

1 1 1 1 1
0 100 200 300 400 500 600
Time (seconds)

Fig. 13. The frequency response of area (2) of the
PS, Scenario (2).

Table 8. Results of different controllers used in the
LFC structure related to scenario (2).
Af1(H2) Afy(HZ)
Controller MO MU ST MO MU ST
(Hz) (Hz) (sec) (Hz) (Hz) (sec)
FF%PLID' 0.03 006 72 003 009 71
FFOPID 004 014 80 0.07 014 79
PDSMC 010 035 81 0.08 0.28 80
SMC 0.11 0.43 112 0.15 0.35 113

4-3. Scenario (3)

Fig. 6 illustrates the load disturbances associated
with the PS that enter area (1). Fig. 7 illustrates the
load disturbances associated with the PS that enter
area (2) (Te1=T2=+20%). The frequency response
of areas (1) and (2) associated with the PS is

depicted in Figs. 14 and 15, respectively, using the
FFOPID-RL, FFOPID, PDSMC, and SMC control
techniques. The suggested controller (FFOPID-
RL), as shown in Figs. 14 and 15, has outperformed
alternative control strategies and is resilient to
significant load disruptions and uncertainty
pertaining to the PS's characteristics. Moreover, the
proposed method achieves quicker stabilization
and effectively reduces frequency fluctuations in
areas 1 and 2 of the PS. Table 9 displays the
outcomes of the various controllers employed in
the LFC structure associated with scenario (3).

02r %

N o2k i

Iz S f e FFOPID-RL
= i

o

. . . . .
0 50 100 150 200 250 300
Time (seconds)

Fig. 14. The frequency response of area (2) of the
PS, Scenario (3).

0.2

M s FFOPID-RL| |
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Fig. 15. The frequency response of area (2) of the
PS, Scenario (3).

Table 9. Results of different controllers used in the
LFC structure related to scenario (3).
Afl(HZ) Afz(HZ)
Controller MO MU ST MO MU ST
(Hz) (Hz) (sec) (Hz) (Hz) (sec)

FF%i'D' 0051 012 73 005 010 72

FFOPID 0.09 030 82 0.07 026 81
PDSMC 021 077 88 020 059 89

SMC 022 078 133 021 0.61 135

4-4. Scenario (4)

Fig. 6 displays the load disturbances on area (1) of
the PS (TGlzTG2:+30°/O, kplzkpzz-%30). Flg 7
illustrates the load disturbances on area (2) of PS.
The frequency response of areas (1) and (2) of the
PS based on the FFOPID-RL, FFOPID, PDSMC,
and SMC control techniques is displayed in Figs.
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16 and 17. The suggested controller (FFOPID-RL),
as shown in Figs. 16 and 17, has outperformed
alternative control strategies and is resilient to
significant load disruptions and parameter
uncertainty associated with the PS. Moreover, the
proposed method achieves quicker stabilization
and effectively reduces frequency fluctuations in
areas 1 and 2 of the PS. The findings of several
controllers utilized in the LFC structure linked to
scenario (4) are provided in Table 10.

FFOPID-RL

0 50 100 150 200 250 300
Time (seconds)

Fig. 16. The frequency response of area (1) of the
PS, Scenario (4).

FFOPID-RL

SMC

0 50 100 150 200 250 300
Time (seconds)

Fig. 17. The frequency response of area (2) of the
PS, Scenario (4).

Table 10. Results of different controllers used in the
LFC structure related to scenario (4).

Afy(Hz) Afy(Hz)
Controller MO MU ST MO MU ST
(Hz) (Hz) (sec) (Hz) (Hz) (sec)
FF%FL'D' 0054 015 74 0052 018 73
FFOPID 011 037 85 0.10 035 84
PDSMC 041 123 101 043 121 93
SMC 072 21 140 073 212 141

5. Conclusion

In this paper, in order to improve the frequency
stability in a multi-area PS and to deal with
disturbances and uncertainties, an adaptive
FFOPID controller was designed in the LFC
structure, and the performance of the adaptive

FFOPID controller was improved using RL.
According to the simulation results, RL has
improved the performance of the adaptive FFOPID
controller against disturbances and uncertainties of
the TAPS, and also the control system has better
adaptation to its surrounding environment. Also,
the proposed method (FFOPID-RL) has been
compared with different control methods such as
FFOPID, PDSMC, and SMC, and the results show
that the control method is superior in reducing the
settling time of frequency deviations, reducing
frequency deviations, and improving the damping
of frequency oscillations related to the TAPS.
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