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 Abstract-- In conventional control techniques based on power 

system linearization around a given point, outputs are 

dissatisfactory under sudden variations in load and displacement 

of the working point. Therefore, several methods have been 

introduced to adapt such controllers to variations in system 

operations. This paper proposes an intelligent load frequency 

control (LFC) technique for multi-area power systems with an 

emotional neural network (ENN), the parameters of which are 

tuned through the bird swarm algorithm (BSA). The proposed 

emotional learning-based intelligent controller is inspired by the 

mammalian brain limbic system in light of its effectiveness and 

efficiency in control applications. Simulations were performed in 

MATLAB on an intrinsically nonlinear three-area power system 

under sudden load and parameter changes. The proposed model 

was compared to classical proportional–integral–derivative 

(PID), standard ENN, and indirect adaptive fuzzy controllers 

under various operating conditions and parameter changes. 

According to the results, the proposed methodology was faster 

and more accurate in controlling frequency variations and power 

transfer changes between power system areas. The main novelty 

of this work lies in the integration of a continuous radial basis 

emotional neural network (CRBENN) with a Lyapunov-based 

direct adaptive robust control framework (DARENC), optimized 

via Bird Swarm Algorithm (BSA), for load frequency control in 

multi-area power systems under uncertainties. The key novelty of 

this work lies in the integration of a continuous radial basis 

emotional neural network (CRBENN) with a Lyapunov-based 

direct adaptive robust control framework (DARENC), optimized 

via Bird Swarm Algorithm (BSA), for load frequency control in 

multi-area power systems under uncertainties. 
 

Keywords: load frequency control, multi-area power systems, 

brain emotional learning. 

I.  INTRODUCTION 

large-scale power system has a few control areas, each 

of which has a number of generators. The control areas 
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are interconnected through connection lines. Each control area 

has primary and complementary control measures. Primary 

control measures provide steady-state frequency deviation for 

system load alternation, depending on the governor droop 

characteristics and load frequency sensitivity. The restoration 

of the system to the nominal frequency requires a 

complementary control measure to adjust the load reference 

point through the motor. As a result, the control of the 

reference adjustment points of the selected generation units is 

the main power control stimulus to adapt to system load 

changes [1]. A load frequency controller (LFC) is mainly 

intended to adjust the system frequency to a predefined 

nominal value and maintain the exchanged power between 

control areas at the programmed levels. Earlier works studied 

different LFC schemes [2]. Many controllers have been 

proposed for LFC problems to obtain satisfactory dynamic 

performance. Constant-gain controllers such as proportional-

integral (PI) and proportional-integral-derivative (PID) are 

widely used. A novel control structure with a tuning method 

was introduced to design a PID–LFC for power systems. The 

implementation of LFC requires accurate information on the 

parameters of control areas, which are often inaccurately 

modeled or change due to aged components. Therefore, 

intelligent control techniques have been adopted.  

"Recently, brain emotional learning (BEL) has emerged as 

a promising intelligent approach for LFC. Barik and Das 

(2022) applied a BEL-based controller for microgrid 

frequency regulation [19], while Kheradmandi et al. (2020) 

developed an improved BEL algorithm for robust LFC [20]. A 

comprehensive review of BEL-based frequency control was 

provided by Liu et al. (2022) [21]. Additionally, Abd-Elazim 

and Ali (2022) utilized Henry gas solubility optimization for 

multi-area LFC [18]." Among these intelligent techniques, 

e.g., fuzzy systems, artificial neural networks (ANNs), and 

genetic algorithms (GA), have been of increasing interest to 

researchers over the past two decades to cope with several 

aspects of power systems [5]. Earlier works studied the 

generator adaptive fuzzy output tracking stimulus control of 

power systems [6]. An integrated fuzzy gain scheduled 

controller was introduced for the LFC of two-area power 

systems [7]. An ANFIS-based control scheme was proposed 

for the optimization and updating of control achievements for 

A 
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automatic generation control (AGC) based on load changes 

[8]. A fuzzy system was employed for the adaptive termination 

of proportional and integral advantages of a PI controller 

based on the area control error and its change for LFC [9]. An 

LFC was developed for power systems, provided that the 

system would be nonlinear in the valve position and have 

parametric uncertainty, using the Takagi–Sugeno (T–S) fuzzy 

system [10]. Earlier studies proposed a model for type-2 fuzzy 

systems for the LFC of an interconnected two-area thermal 

recovery system consisting of superconducting magnetic 

energy storage (SMES) units [11]. Moreover, a GA-based 

fuzzy gain scheduling approach was introduced for LFC [12]. 

Researchers proposed two strong decentralized control design 

techniques for LFC using linear matrix equations and GA 

optimization [13]. The bacteria foraging optimization 

algorithm (BFOA) was used to search the optimal parameters 

of PID controllers to minimize the time-domain objective 

function [14]. A decentralized predictive LFC was developed 

for multi-area power systems [15, 16]. 

             This paper consists of different sections. Section 2 

describes the dynamic model of the multi-area power system, 

in which the dynamic model of each area, LFC model, and the 

state space model of the system are provided. Section 3 

proposes the continuous radial basis emotional neural network 

(CRBENN). Section 4 analyzes the proposed CRBENN model 

and provides the simulation results by using particle swarm 

optimization (PSO) for the coefficient optimization of PID, 

standard emotional, and CRBENN controllers, comparing the 

three controllers to each other and to the reference. Finally, 

Section 5 draws a research conclusion and provides future 

research suggestions. 

II.  DYNAMIC MODEL OF MULTI-AREA POWER 

SYSTEM 

Figure 1 demonstrates a schematic view of a power system 

consisting of N LFC areas. Each area has a number of 

generators. The generators of a given area are simplified in the 

form of a single generator [1]. Each area is also assumed to 

have gas turbines with simple and combined cycles and heat 

recovery steam turbines. The proposed controller is installed 

on the gas turbines, whereas the steam turbines have no control 

at the reference adjustment point. The dynamic model of an 

area can be written as: 

 
(1) 

 
(2) 

 
(3) 

 
(4) 

 
(5) 

 
(6) 

 
(7) 

Figure 2 depicts the block diagram of an LFC area in a multi-

area power system. Drawing on a state space representation, 

Eqs. (1-7) can be rewritten in a compact form: 
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 (9) 

Where the state vector and control area matrices are defined 

as: 

1 1 2 2

T

i i t i g i t i ri g i tieiX f P P P P P P           (10) 

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

2 0 0 0 0 0 0

ij

ij

A

T

 
 
 
 
 

  
 
 
 
  

1

1
0 0 0 0 0 0

T

i

g i

B
T

 
  
  

 

(11) 

1 1

1 1

2 2

2 2 2

2 2

1,

1 1 1
0 0 0

1 1
0 0 0 0 0

1 1
0 0 0 0 0

1 1
0 0 0 0 0

1 1 1
0 0 0 0

1 1
0 0 0 0 0

2 0 0 0 0 0 0

i

i i i i

t i t i

i g i g i

ii
t i t i

ri ri

i g i g i ri g i ri

i g i g i

N

ij

j j i

D

M M M M

T T

R T T

A T T

K K

R T T T T T

R T T

T
 

 
 

 
 

 
 
 
  

 
 
   
 

  
     

  
 
  




 







 (12) 

1
0 0 0 0 0 0

T

i

i

F
M

 
  
 

 (13) 

2 2

1
0 0 0 0 0

T

ri

i

g i g i

K
E

T T

 
  
  

 (14) 

 1 0 0 0 0 0 0iC   (15) 

Where ir  is the change in the steam turbine adjustment 

reference point (assumed to be zero), 
diP   is the load change, 

and ij jiT T . 

1 2

N

3

 
Fig. 1. Schematic view of an N-area power system 

 

To simplify the design of the controller, Eqs. (8) and (9) are 

converted into conventional controllers: 
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Fig. 1. Dynamic model of the ith area in a multi-area power system. 

 

The parameters of Eqs. (11-18) are obtained as: 
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Where kS  is the similarity transformation matrix [3]. 

The isolated and undisturbed LFC area is obtained as: 

 (19) 

The transformed matrices Aii, Bi and Ci are given by [4]: 
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The last row of matrix 
iiA  is denoted as 

jia , i=1,…, N, 

and j=0, …, 6. The parameters are dependent on the system, 

and their calculation is described in [5]. 
For Cki>0, k=0,…4, it can be proved that each local area given 

by Eq. (19) has a relative degree of 3 and zero dynamic 

stability. The continuous integration of Eq. (17) and the use of 

Eq. (19) until the appearance of the input yield: 
3

4 4, 0i i ii i i i iy C A X c u c    (22) 

Once the parameters of Eq. (17) and (18) have been accurately 

found, ideal local control *

iu  is given by: 
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Where 
miy  is a given reference signal. The derivatives are 

assumed to be constrained (to 3). For tracking error definition 

of 
i mi ie y y   the control rule in Eq. (23) makes the error 

vector 
T

i i i ie e e e      converge to zero, provided that 

 0 1 2

T

i i i iK K K K  is selected such that all the roots of the 

following characteristic equation are in the left-side open half 

of the plane: 
3 2

2 1 0 0i i iS K S K S K     (24) 

In the presence of unknown subsystem parameters, a local 

controller [15] cannot be designed accurately. To obtain 

accurate tracking for an interconnected system [14] with 

unknown parameters, a CRBENN was developed, as described 

below. 

III.  CRBENN 

The CRBENN has basic functions in thalamus nodes; 

however, there is no direct connection between the thalamus 

and amygdala. Therefore, the CRBENN is obtained through 

simple manipulation of radial basis function (RBF) networks 

with additional characteristics from emotional models due to 

the amygdala component and its non-reducing weights. Thus, 

its universal approximation characteristic is simply proved 

based on RBF network features. Hence, the CRBENN uses the 

characteristics of RBF networks, e.g., universal 

approximation, continuity, and derivability based on the 

weights. It is also demonstrated that the universal 

approximation proof for the CRBENN is generalizable, and 

any symmetric RBF kernel can be assumed as thalamus nodes. 

Then, the CRBENN is employed in a direct adaptive control 

structure to directly estimate the control input. The general 

stability of the emotion-based controller is ensured based on 

Lyapunov stability, which is an important aspect of the 

proposed controller. This theoretical conclusion has been 

reported in some emotion-based controller papers with specific 

considerations and simplifications. Furthermore, the update 

rules are consistent with the main emotional mind models; i.e., 

they meet the need for non-reducing amygdala weights.  

Overall, the novelty of the proposed model includes: 

1) The CRBENN provides simple and continuous 

mapping with universal approximation. Hence, it can be 

applied to different control engineering problems as a 

general computational framework. It should be 

mentioned that universal approximation is an essential 

mathematical characteristic that represents the proposed 

computational frameworks in the same class of 

approaches as polynomials and Fourier series [5]. For a 

level of collaboration, the study of Hornik et al. (1989) 

on neural networks and the study of Castro (1995) on 

fuzzy systems may be cited.  

2) The CRBEEN is used in a direct adaptive control 

framework for a class of unknown nonlinear systems, 

and general structure stability has been proved using 
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Lyapunov stability without deviation from the basic 

emotional brain rules [5]. 

This section describes the CRBENN model and evaluates 

its universal approximation using the universal approximation 

property of RBF networks. 

A.  CRBENN Configuration 

Figure 3 illustrates the CRBENN configuration. Evidently, 

the CRBENN is generally similar to brain emotional learning 

(BEL)-based models such as BELBIC [8]. However, the 

CRBENN has three major characteristics. Firstly, there is no 

direct connection between the thalamus and amygdala. Earlier 

works held that a direct thalamus-amygdala connection would 

interfere with normal learning and yield undesirable outcomes 

in simulation [9]. The elimination of such a direct connection 

leads to a smooth, continuous CRBEEN output. Secondly, 

each thalamus node is an RBF [5]. This is similar to earlier 

works [10]. However, it is different from [11] and BELBIC 

[8], where the thalamus was a simple identity function. A 

combined effect of these two characteristics results in 

universal approximation as the third characteristic. 

 
Fig. 3. CRBENN configuration 

 

Moreover, the universal approximation proof of the 

CRBENN is general; hence, any symmetric RBF kernel can be 

considered in the thalamus nodes (which is discussed in the 

next section). Here, Gaussian functions are a major type of 

RBFs [5]. Once the input has been introduced to the thalamus, 

RBFs are generated as [5]: 
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Where z=[z1,…,zn]
T
 ϵR

n
 is the general input sensing vector, 

μj ϵR
n
 is the average factor, σj>0 is the smoothing factor, and 

m is the total number of nodes. The CRBENN has the 

universal approximation property and can approximate any 

nonlinear function using a sufficiently large m value [5].  

Therefore, the input sensing RBF vector is the output of the 

thalamus. This vector is then introduced to the amygdala and 

orbitofrontal cortex (OFC) through the sensory cortex, and the 

outputs are obtained as [5]: 

1
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Where Vj and Wj (j=1, …, m) denote the weights of the 

amygdala and OFC nodes, respectively. Here, the weight 

vectors, V=[V1,V2,...,Vm]
T ∈ Rm

, W=[w1,w2,...,wm]
T ∈ Rm

, and 

φ=[φ1,φ2,...,φm]
T ∈ R

m
 are RBF vectors. According to Eqs. 

(26) and (27), the number of nodes in the thalamus is equal to 

the total nodes of the amygdala and OFC [5]. 

According to Fig. 3, the model output is calculated by 

subtracting the OFC output from the amygdala output: 

 0

1 1
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T
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This section introduced the CRBENN architecture. The 

universal approximation proof of the CRBENN is provided in 

[5]. An adaptive control structure and update rules for the 

amygdala and OFC node weights are designed in agreement 

with Moren’s model below [11]. Moreover, in the control 

structure of [5], RBF parameters in the thalamus, i.e., μj and σj, 

are constant for simplifications, and the number of adaptive 

parameters was reduced. In related simulations, RBF centers 

have the same distance in the input range, and the same 

smoothing factor is applied to all the nodes. 

B.  Problem Formulation 

Based on Eq. (19), the derivative of the last state variable 

can be rewritten as: 
       ,
n

x f x g x u d x t    (29) 

Where f(x) and g(x) could be calculated through the matrices 

defined in Eqs. (20) and (21), ∈R
n 
 

denotes the state vector, u is the control input,   

denotes disturbance with upper bound    , ,dd x t f x , 

which is an unknown function that meets   1f x f    for 

any  in the controllable area U⊂R
n
. When f1 is an 

unknown constant,  g x  is a smooth function that is met by 

  10 g x g    and 
1 0g   as the upper bound [5]. 

Some studies designed direct adaptive controllers with 

unknown  g x  [12-14]. The tracking error is defined as: 

de x x   (30) 

Where  is the desired value. It is assumed that  

and its derivatives are constrained to the n-order 

derivative. The error function s is defined as [5]: 

 
(31) 

Where  1, , 1k k n    is a positive constant. The 

differentiation of Eq. (31) with respect to time yields; Where 
   1

1 1 .
n n

a d nq x e e


      This study aimed to design a 

direct adaptive control structure such that the tracking error 

converges to zero, and all the signals are constrained while the 

approximation error and external disturbance effects are kept 

below the desired damping level [5]. 

 
(32) 
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Once  f x  and  g x  are known and  , 0d x t  , the idea 

controller is obtained through feed linearization as [15]: 

    * 1

au g x f x q Ks     (33) 

Where K>0 is a real constant. The assumptions of  f x , 

 g x  and xd in (29) ensure that u* is bounded. The insertion 

of Eqs. (32) and (33) and simplifications yielded , 

which is a Hurwitz equation and leads to the convergence of 

the error function to zero. However, system dynamics is not 

always available in practice, and external disturbances worsen 

the performance of the system. Consequently, the ideal 

controller represented in Eq. (33) cannot be executed [5]. The 

real intelligent CRBENN controller introduced below 

incorporates  ,d x t  and uncertainties. Furthermore, a robust 

control term is added to the control scheme to mitigate 

external disturbance,  ,d x t , and approximation error. 

C.  Proposed Control Structure 

The proposed CRBENN is employed in a direct adaptive 

control structure in order to approximate the ideal control rule 

u* in Eq. (33) in the form of . A general direct adaptive 

robust emotional neuro controller (DARENC) was designed as 

[5]: 

 
ru

u u
g x

   (34) 

Where ur denotes the resistant compensation term: 

1
ru Ps

r
   (35) 

Where r is a positive constant, and P=P
T
 is a positive 

semidefinite matrix. A unique solution to the following 

pseudo-Riccati equation is given for each Q [5]: 
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1 2
2 0KP Q P P

r

 
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Where 
22 r  . 

The emotion-based control rule  is designed as [5]: 
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where V = [V₁, ...,Vₘ]
T
 ∈ R

m
 and W = [W₁, ..., Wₘ]

T
 ∈ R

m
 are 

the adaptive weight vectors of the amygdala and orbitofrontal 

cortex (OFC) nodes respectively, and φ = [φ₁, φ₂, ..., φₘ]
T
 is 

the RBF basis function vector. 

It is assumed that  and adaptive parameters V and W belong 

to compact sets  x xx x M   ,  fv vV V M   , and 

 fw wW W M   , respectively, where Mx, Mv, and Mw 

are positive constants [5]. The ideal parameters V* and W* 

are defined as [5]: 

  * * *arg min sup /V u x V u        
 (38) 

where u* is the ideal control law given in (33). The insertion 

of Eq. (34) into Eq. (32) yields Eq. (39) for S derivatives: 

 (39) 

where K > 0 is a feedback gain, ur is the robust compensation 

term from (35), and d represents external disturbances. 

For unknown ideal parameters V* and W*, the minimum 

approximation error is defined as [5]: 

      */c g x u x V u     (40) 

Where c L  . 

Based on Eqs. (38-40): 

 
(41) 

Where W W W   and V V V  . 
The amygdala weights can only increase [11]. Therefore, the 

following update rules are applied to the amygdala and OFC 

weights [5]: 

 (42) 

 (43) 

Where 0   and 0   are learning rates corresponding to 

the amygdala and OFC weights, respectively. The max 

operator in Eq. (42) generates the amygdala update rule using 

the constant basis non-reducing learning rules. Drawing on 

Barbalat's lemma [16], the error function s can be proved to 

asymptotically converge to zero. Figure 4 illustrates a 

schematic of the proposed DARENC. 
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Fig. 4. Schematic view of DARENC [5] 

 

Gaussian functions have many parameters to be tuned, e.g., 

Gaussian centers and their variances. The tuning of such 

parameters using adaptation rules would result in a heavy 

computational burden. To simplify the controller equations 

and implement universal approximation, the present work used 

Legendre functions rather than Gaussian ones. 

According to the theorem of orthogonal functions, 

Legendre polynomials are orthogonal to each other, and an 

arbitrary function can be represented using a linear 

combination of such functions: 

 
 

2

0 1 2

3 1
1, , , sin

2

x
x x t   


     (44) 

Note 1: This study focused the design of CRBENN-based 



XX                                  IRANIAN JOURNAL OF POWER ENGINEERING, VOL. XX, NO. XX, FALL XX - SUMMER XX 
 

adaptive controllers. Hence, amygdala and OFC weights are 

adapted through the Lyapunov derivative rule of adaptation, 

while the RBF parameters (i.e., average and smoothing 

factors) are constant to simplify the calculations by reducing 

the number of adaptive parameters. In turn, there are fewer 

parameters to accelerate adaptation. In the simulation outputs, 

the RBF centers have the same distance in the input range, and 

the same smoothing factor is employed for all the Gaussian 

nodes. Constant parameters and the division of centers in the 

input range are common in neural network-based fuzzy or 

adaptive controllers [14].  

Note 2: The unique adaptive control approach of this study is 

an example of using the CRBENN in the design of controllers. 

The CRBENN can be used in control or decision-making 

applications, e.g., system identification, prediction, and 

classification [5]. 

Note 3: To ensure the stability of the adaptive parameters, the 

update rules in Eqs. (42) and (43) were modified based on the 

image algorithm as [17]: 

 

(45) 
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
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
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 (46) 

The above update rules make the adaptive parameters remain 

constrained. When the adaptive parameters are below their 

minimum bounds or are at their maximum bounds but 

approach smaller values, rules (45) and (46) change into 

ordinary rules (42) and (43). Hence, the second lines in Eqs. 

(45) and (46) hold only when the adaptive parameters are at 

their maximum values and approach larger values. The proof 

of Theorem 1 is discussed in [5].  

Note 4: The computational complexity of the CRBENN is of 

an m×n-order, in which m is the number of RBFs in the 

thalamus, whereas n is the number of CRBENN inputs. Since 

the computational complexities of adaptive rules and control 

input are of an m-order, the computational complexity of 

DARENC is of an m×n×Tt-order, where 
1

tT T
dt

 
  
 

, T is 

the total execution time, and dt is the time step [5]. 

D.  Simulation Results 

An interconnected three-area power system was utilized to 

evaluate the effectiveness of DARENC shown in Fig. 5. Areas 

1 and 2 have gas turbines (a single cycle and a combined 

cycle) and steam turbines, while Area 3 only has gas turbines. 

Table 2 reports the system parameters. It is a real-life three-

area power system on the Persian Gulf coast. Area 1 has 56 

stations with total output power of 4797 MW, Area 2 has 88 

generation stations with a total capacity of14000 MW, and 

Area 3 has 28 stations with a total output power of 923 MW. 

Area1 Area2

Area3

T13

T12

T23

 
Fig. 5. Three-area power system 

 

The load disturbance of each area is represented by a step 

function. The simulation results were compared for PSO-

optimized PID, standard ENN, and DARENC parameters for 

each area.  

 
Fig. 6. Frequency control comparison of DARENC, standard ENN, and PID 

models in Area 1 

 

The cost function for the optimization of the coefficients of 

the controllers was defined as: 

 1 2 3cos tfunction f f f dt       (47) 

Three scenarios were simulated for a reference signal of 

ymi=0. Tables 3-5 provide the parameters of the PID 

controller, standard ENN, and DARENC, respectively. 
 

TABLE I. Parameters of the power system areas 

Parameter Area 1 Area 2 Area 3 

Di 0.24 0.11 0.046 

Kri 0.3 0.3  

Mi 167 89.5 23.25 

Ri 0.04 0.04 0.04 

Tt1i 0.4 0.4 0.1 

Tg1i 0.1 0.1 0.4 

Tt2i 1.0 0.1  

Tg2i 0.1 0.1  

Tri 1.0 1.0  

Tij T12=8.4 T23=1.5 T31=1.5 
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TABLE Ⅱ. DESCRIPTION OF PARAMETERSof the power system 

Parameter Description 

∆Fi Frequency deviation 

∆Pt1i Gas turbine power deviation 

∆Pg1i Governor power deviation (gas turbine) 

∆Pg2i Steam turbine power deviation 

∆Pri Steam heater power deviation 

∆Pg2i Governor power deviation (steam turbine) 

∆Ptie Power network connection line deviation 

Di Load damping coefficient 

Kri Heater gain 

Mi Inertia constant 

Ri Governor speed adjustment 

Tt1i Gas turbine time constant 

Tg1i Governor time constant 

Tt2i Steam turbine time constant 

Tg2i Governor time constant 

Tri Heater time constant 

Tij Synchronization power constant 

 
TABLE IⅡ. PID CONTROLLER PARAMETERS 

area Kp Kd Ki 

1 0.0413 0.0981 0.0981 

2 0.0839 0.0581 0.0581 

3 0.0471 0.0326 0.0326 

 
TABLE IV. STANDARD ENN PARAMETERS 

area Kp Kd R ω β α 

1 4.3612 0.0703 0.5078 0.7250 27.5855 0.7896 

2 0.0540 0.0255 3.3975 0.9912 0.2827 0.4694 

3 0.8960 0.6799 0.0684 0.6849 0.7286 0.3090 

 

TABLE V. DARENC PARAMETERS 

 area1 area 2 area 3 

Kp 0.0058 0.0259 0.1365 

Kd 87.4358 78.6028 17.0263 

α 0.8699 0.8408 0.8397 

β 3.8651 2.2346 0.2264 

ω 0.3761 0.0060 0.0287 

p 24.9756 5.6056 0.0730 

r 0.7982 2.1916 0.7688 
 

In the first scenario, a load disturbance of 500 MW (0.5 pu) 

was assumed in Area 1. Figures 6 and 7 demonstrate the 

simulation results. Figure 6 depicts the frequency variation for 

the steady-state error of zero in Area 1 with a load change. 

Accordingly, DARENC led to a lower frequency variation 

than the standard ENN and PID controllers. The cost function, 

which is the sum of the absolute integral of the frequency 

variations of the three areas, was found to be 0.0684, 0.0212, 

and 0.0057 for the PID, standard ENN, and DARENC models, 

respectively. Figure 7 depicts the connection line power 

variations in the areas. As can be seen, the controllers showed 

the same power control performance as frequency control. 

In the second scenario, Areas 1-3 were assumed to have 

load changes of 0.4, 0.3, and 0.05 pu, respectively, as shown 

in Figs. 8 and 9. Figure 8 demonstrates the frequency 

variations of the three areas for all the controllers at the zero 

steady-state error. 

 
(a) 

 
(b) 

 

 
(c) 

Fig. 7. Power control comparison of the PID, standard ENN, and DARENC 

models for Area1(a), Area2 (b), and Area3 (c) 

 

According to Fig. 8, DARENC led to lower frequency 

variations than the standard ENN and PID controllers. The 

cost function was calculated to be 0.06807, 0.0874, and 

0.00282 for the PID, standard ENN, and DARENC models, 

respectively. Figure 9 plots the connection line power 

variations of the three areas. As can be seen, the controllers 

showed the same power control performance as frequency 

control. 
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(a) 

 

 
(b) 

 

 

 
(c) 

Fig. 8. Frequency control comparison of DARENC, PID, and standard ENN 

models for Area1(a), Area2 (b), and Area3 (c) 

 

In the third scenario, the performance of the controllers under 

sudden load changes was evaluated. Figure 10 plots the load 

change. A sudden load change was applied to the system at 

t=10 s, and the system was restored in all three areas at t=30 s. 

 
(a) 

 
(b) 

 

 

 
(c) 

Fig. 9. Power control comparison of DARENC, PID, and standard ENN 

models for Area1(a), Area2 (b), and Area3 (c) 

 

According to Fig. 11, DARENC model had a lower frequency 

fluctuation than the PID and standard ENN controllers. The 

PID, standard ENN, and DARENC models were found to have 

a cost function of 0.03679, 0.08858, and 0.004918, 

respectively. According to Fig. 11, once a sharp load change 

occurred, the PID controller outperformed the standard ENN 

controller. 
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(a) 

 

 
(b) 

 

 

 
(c) 

Fig. 10. Load change in Area1(a), Area2 (b), and Area3 (c) 

 

The maximum frequency variation is a crucial factor in 

power systems. Table X reports the maximum frequency 

variations of the three areas under the three scenarios. 

According to Table 6, the frequency deviation of the PID 

controller was larger than those of the standard ENN and 

DARENC models, and DARENC model outperformed the 

PID and standard ENN models.  

 
TABLE VI. FREQUENCY DEVIATION VS. TIME FOR DARENC, STANDARD 

ENN, AND PID MODELS 

area PID standard ENN DARENC 

1 0.5 0.3 0.028 

2 0.5 0.3 0.07 

3 0.2 0.1 0.07 

 

 
(a) 

 
(b) 

 

 
(c) 

Fig. 11. Frequency control comparison of DARENC, PID, and standard ENN 

models in Area1(a), Area2 (b), and Area3 (c) 
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IV.  CONCLUSION 

This paper proposed a novel load frequency controller for 

multi-area power systems with unknown parameters. The 

proposed controller was developed by integrating BEL into the 

Lyapunov function and PSO. For this purpose, PSO was 

employed to optimize the BEL coefficients, whereas the 

Lyapunov function was adopted to stabilize its response. The 

proposed controller achieves LFC objectives in the presence of 

uncertainties. It also reduced the approximation error and the 

effects of external disturbance on tracking performance using 

an auxiliary control signal. A combined Lyapunov function 

was employed to represent the tracking error frontier of the 

closed-loop system and parameter error. A three-area power 

system was adopted for the validation of the proposed model. 

The simulations indicated that the proposed controller could 

achieve LFC objectives in terms of the zero steady-state error 

frequency and tie-line deviations in power system areas, while 

each area managed its load demand. The proposed controller 

proved to be advantageous over PID and standard ENN 

controllers. 
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