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Abstract: This paper presents a novel Adaptive Neuro-Fuzzy Inference System (ANFIS) model for Load Frequency

Control (LFC) with an expanded input configuration, incorporating the integral of the area control error (ACE) alongside

the traditional ACE and its derivative. This additional input captures historical ACE trends, enhancing the ANFIS control

performance. The ANFIS training dataset, comprising ACE error, its derivative, and integral, is generated using a PID

controller tuned by a variant of Particle Swarm Optimization (PSO) algorithm called an Adaptive Dynamic Inertia Weight

Acceleration Coefficient (ADIWACO). Its evaluation on a three-area power system with renewable energy sources (RES)

includes comparative analysis with PID, traditional 2-input ANFIS, Fuzzy Logic, and Artificial Neural Network (ANN)

controllers. Simulation results demonstrate the superior performance of the proposed 3-input ANFIS controller in terms of

performance metrics, consisting of overshoot, undershoot, settling time, steady-state error, and Integral Time Absolute

Error (ITAE). Notably, the proposed ANFIS model shows a significant 75.89% improvement in ITAE value over the

traditional 2-input ANFIS when communication delays and governor dead band constraints are considered, underscoring

the significant impact of the additional input. System parameters variation of ±25%, further confirms the controller’s

robustness to uncertain model parameters. This study contributes to advancing real-world application of ANFIS controllers

for LFC in interconnected power systems integrated with the two most widely developed renewable resources, namely

solar and wind power plants.

Keywords: Load FrequencyControl (LFC),AdaptiveNeuro-Fuzzy Inference System (ANFIS), Particle SwarmOptimization

(PSO), ADIWACO

Abbreviation

ACE Area Control Error

ACO Ant Colony Optimization

ADIWACO Adaptive Dynamic Inertia Weight Acceleration Coefficient

ANFIS Adaptive Neuro Fuzzy Inference System

ANN Artificial Neural Network
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CTD Communication Time Delay

GDB Governor Dead Band

GWO Grey Wolf Optimization

ICA Imperialist Competitive Algorithm

ITAE Integral Time Absolute Error

LFC Load Frequency Control

PID Proportional Integral Derivative

PSO Particle Swarm Optimization

RES Renewable Energy Sources

TLBO Teaching and Learning Based Optimization

1. Introduction

The evolving landscape of power systems is witnessing a significant paradigm shift driven by the increasing penetration

of renewable energy sources (RES) [1, 2]. This transition introduces new dynamics and challenges, particularly in load

frequency control (LFC), which is required to maintain the stability and reliability of power systems [3]. Traditionally, LFC

has been primarily designed to manage load-generation balance in response to fluctuations to ensure that the frequency

of the power system remains within acceptable limits. With the growing penetration of solar and wind power plants,

characterized by inherent intermittency and unpredictability, the traditional control strategies may struggle to address load

and generation imbalances [4, 5, 6, 7, 8]. Consequently, innovative control strategies that can adapt to these changing

conditions have become necessary [3, 4, 5, 6]. A review of pertinent literature reveals key trends and advances in LFC

methodologies. Classical LFC approaches often rely on proportional-integral (PI) [8, 9, 10, 11, 12] and proportional-

integral-derivative (PID) controllers [3, 13] control system frequency in response to load and generation imbalances. While

these traditional controllers have demonstrated effectiveness in conventional power systems, their adaptability to the

variability and intermittency introduced by RES remains a subject of investigation [14].

Recent studies have explored the enhancements of classical PID controllers and innovative fixed gain controller

structures such as cascaded PI-PD [15], PD-PI [16], TID-PID [17], PD-PID plus double derivative filters [18] through

metaheuristic tuning algorithms for LFC in power systems with RES. Some of the most widely usedmetaheuristic algorithms

in the literature for optimal tuning of fixed gain controller structures are the Particle Swarm Optimization (PSO) [3, 19, 20],

Grey Wolf Optimization (GWO) [11], Ant Colony Optimization (ACO) [21], Teaching Learning Based Optimization

(TLBO) [17] and Imperialist Competitive Algorithm (ICA) [22, 23]. Intelligent controller-based strategies, such as Fuzzy

Logic [24, 25], Artificial Neural Networks (ANNs) [26, 27, 28], and Reinforcement Learning-based strategies [29, 30, 31]

have gained attention for their ability to adapt to nonlinear and time-varying systems. Fuzzy Logic controllers utilize

linguistic rules to approximate complex relationships, while ANN leverages the learning capabilities of neural networks to

adapt to system dynamics [32]. The integration of adaptive neuro-fuzzy inference systems (ANFIS) into LFC frameworks

represents a notable trend in recent research. ANFIS merges the adaptive learning of ANN with the interpretability of

fuzzy logic, offering a hybrid solution that captures both the precision of numerical methods and the interpretability of

rule-based systems [32, 33, 34]. ANFIS controllers excel in capturing complex and non-linear relationships within power

systems, making them well-suited for LFC [32, 35, 36]. By employing a hybrid structure that combines fuzzy inference

rules with neural network training, ANFIS controllers can adapt to the dynamic nature of power systems, particularly in

scenarios with RES integration [37]. A noteworthy example of ANFIS-based LFC proposed in the literature is the study

conducted in [31] where the training data for ANFIS was obtained from a PID controller tuned by Honey Badger Algorithm

(HBA). Several other examples of ANFIS-based LFC documented in [34, 35, 36, 37, 38] leveraged fuzzy logic controllers

to generate the training dataset.

The existing ANFIS-based LFC strategies in interconnected power systems have several weaknesses. These include

substantial computational demands associated with the parameter optimization process and generation of fuzzy rules based

on the total number of membership functions [39, 40]. ThoughANFIS controllers are designed to handle nonlinear systems,

they may struggle with highly complex nonlinearities [39]. They may lack robustness, particularly in dealing with dynamic
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load changes or generation disturbances [41]. Furthermore, the sensitivity of ANFIS performance to the quality of its

training data introduces concerns about their reliability in real-world scenarios [42]. ANFIS controllers may also struggle

with generalization outside of their training dataset, posing challenges in adapting to varying operating conditions [41].

These weaknesses call for more robust and adaptable control approaches. Existing methods for improving the performance

of ANFIS controllers have primarily centred on the quality of the training data [32, 35, 36]. This study shifts the paradigm

by introducing one more input signal in addition to using quality training dataset.

The existing ANFIS controllers for LFC in interconnected power systems integrated with RES have two input signals

consisting of the ACE and the derivative of ACE. This paper introduces a novel ANFIS controller that adds the integral of

ACE to the input signals to make them three. The integral of ACE signal captures the historical trends of ACE and its

addition to the two traditional input signals improves the performance of the ANFIS controller. Additionally, the training

dataset is generated by a PID controller tuned by a variant of PSO algorithm known as Adaptive Dynamic Inertia Weight

Acceleration Coefficient Optimization (ADIWACO) [43]. The ADIWACO-tuned PID controller has proved to provide

effective LFC in power systems with RES [2].

The ANFIS controller, proposed in this paper, is validated on an interconnected power system with three control areas

integrated with RES. To confirm its efficacy in real-world scenarios, governor dead band and communication time delay

are included in the model of the power system in one experimental scenario. The controller’s robustness to uncertain model

parameters is also verified using system parameter variation of ±25%.

1.1 Contribution of the paper

This makes the following significant contributions:

(i) It enhances the traditional ANFIS used for LFC by incorporating the integral of the Area Control Error (ACE) into

the traditional inputs, which are ACE and its derivative.

(ii) It generates high-quality training data by employing an ADIWACO-tuned Proportional-Integral-Derivative (PID)

controller.

1.2 Paper organization

The subsequent sections of the paper are organized as follows: Section 2 presents the introduces the test system

used for evaluating the proposed ANFIS controller, outlines the theoretical framework for ANFIS controllers and details

the proposed ANFIS controller and its training algorithm. Section 3 presents the results and discussion, and Section 4

concludes the paper and discusses future research directions.

2. IEEE 39-bus test system

The IEEE 39-bus system has been modified as a case study to analyze load frequency control for a RES-integrated

multi-area power system. The IEEE 39-bus system, comprising 10 conventional thermal plant generators, 39 buses, and 46

branches, has been modified by dividing it into three control areas and integrating wind and solar generation units at buses

7 and 8, respectively as depicted in Figure 1. The three control areas, with a capacity ratio of 2:5:8, are simplified in Figure

2 by grouping all coherent generators in each area into a single thermal reheat plant. It is assumed that all conventional

power plants participate in the load frequency control. Each plant includes a governor, turbine, reheater, primary droop

control, and supplementary LFC control to manage system frequency and tie-line power flows. The integration of RES

within control Area 1 reflects the modern trend of incorporating renewable energy into traditional power systems. This

model has been widely used in the literature for load frequency control studies [9, 13, 17, 22, 24, 44, 45, 46, 47, 48]. The

transfer functions for wind turbine plant, G(s)W and solar PV plant, G(s)PV, which are not detailed in Figure 2 are given by

(1) and (2) [9]:
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G(s)W =
KW

1+ sTW
(1)

G(s)PV =
KPV

1+ sT PV
(2)

where KW is the gain of the wind turbine plant and KPV is that of the solar PV. The parameters TW and TPV are their

respective time constants. The transfer functions of the other components are detailed in Figure 2. The specifications of

the test system and the values of the various constants used for the study are provided in the Appendix.

Figure 1. IEEE 39-bus Test System

Figure 2. Simplified Test System
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2.1 ANFIS controller

The ANFIS controller is a sophisticated multilayered controller having fuzzy logic and neural network components

[37]. The main advantage of ANFIS over the Fuzzy Inference System (FIS) is that it replaces the manually set rules of the

FIS component and the fine tuning of its parameters by a knowledge-based ANN [36]. The ANN, based on dataset that are

used to train it, comes up with appropriate rules for the control process. During the process of making the rules, parameters

of membership functions can also be dynamically adjusted for optimal control performance [32]. The general architecture

of ANFIS is shown in Figure 3. It has two inputs x and y and a single output f. The layers one and four host adaptive nodes

whereas layers two, three and five consist of fixed nodes with no adjustable parameters.

Figure 3. General structure of the Adaptive Neuro Fuzzy Inference System

2.1.1Layer-1

The outputs of layer 1 are the fuzzy membership grade of the inputs, which are given by:

{
o1

i = µAi(x) i = 1,2
o1

i = µBi(y) i = 3,4
(3)

where i is the node number, Ai and Bi−2 are the linguistic labels associated with their respective node functions and µAi and

µBi−2 are the membership functions of the linguistic labels Ai and Bi respectively. Usually, the gbell function is chosen as

membership function. The parameters in this layer are referred to as premise parameters.

2.1.2Layer-2

Each ith node outputs the firing strength of a rule defined as

o2
i = wi = µAi(x) ·µB2+i(y), i = 1,2 (4)

2.1.3Layer-3

Every node i in this layer normalises the firing strength as follows

o3
i = wi =

wi

w1 +w2
, i = 1,2 (5)
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2.1.4Layer-4

The nodes in this layer are adaptive nodes with membership functions expressed as:

o4
i = wi fi = wi (pix+qiy+ ri) , i = 1,2 (6)

where wi is a normalized firing strength from layer 3 and (pi,qi,ri) is the consequent parameter set of node i.

2.1.5Layer-5

This layer has a single node which computes the overall output as the sum of all incoming signals. The computation

is represented as:

o5
1 = ∑

i
wi fi, i = 1,2 (7)

This is given by the following expression:

o5
1 = (w1x) p1 +(w1y)q1 +(w1)r1 +(w2x) p2 +(w2y)q2 +(w2)r2 (8)

During the training process, a hybrid training algorithm which adopts both forward and backward propagations is

used. During the forward pass, the premise parameters are fixed while consequent parameters are updated and vice versa

during the backward pass. The consequent parameters are updated with Least Square Estimate. The update of the premise

parameters which is basically the fine tuning of the membership functions is done using Gradient Descent.

2.2 Proposed ANFIS controller and training

The proposed ANFIS controller adds the integral of Area Control Error (ACE) to the two traditional input signals

consisting of the ACE and the derivative of ACE. ACE represents the discrepancy between scheduled and actual values of

power and frequency, and the main function of the controller is to minimize the ACE. A hybrid of two trapezoidal and two

gbell membership functions is selected for each input signal. The gbell membership functions offer flexibility in capturing

nonlinear relationships and representing complex system dynamics, especially in scenarios involving renewable energy

integration. The trapezoidal functions are used as outer membership functions to extend the range of outer crisp values

which then enhance the overall system’s flexibility. The combination allows the controller to effectively handle both linear

and nonlinear aspects of the system, improving its adaptability and robustness. Not choosing gbell functions for all four

membership functions also reduces the computational burden of the ANFIS controller. The training data is generated by

applying ADIWACO-tuned PID controllers to the test system. Figure 4 shows the block diagram of the proposed ANFIS

controller.

Figure 4. Proposed ANFIS Block Diagram
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The Matlab Anfisedit toolbox is used for the ANFIS training. The training is implemented as follows:

Step 1: Model the test system in MATLAB/SIMULINK with ADIWACO-tuned PID controllers.

Step 2: Run a series of simulations using step load perturbations, with their magnitudes varying from 0.001 to 0.1

pu in increments of 0.001. Employ the “To Workspace” block to record the input ACE, the derivative of ACE and the

integral of ACE as the input training dataset. Concurrently, capture the output from the PID controller to construct the

output training dataset.

Step 3: Preprocess the captured dataset.

Step 4: Use 70% of the data for training and the remaining 30% for testing. Generate extra data with negative 0.05

pu step load perturbation for further testing of the controller after its training and successful initial testing.

Step 5: Employ the “Anfisedit” toolbox within Matlab to configure an ANFIS having three input variables and one

output variable.

Step 6: Load the designated training dataset and proceed to generate a fuzzy inference system with four membership

functions (MFs) for each input variable. Select the generalized bell-shaped membership functions, with the outermost MFs

designated as trapezoidal membership functions.

Step 7: Train theANFIS and test the performance against the reserved testing dataset. If performance is unsatisfactory,

increase the number of epochs, try normalizing the dataset during the data preprocessing or generate new dataset as a final

resort.

Step 8: If the test result is satisfactory, save the trained ANFIS.

The proposed ANFIS structure and input membership functions before and after the training are shown in Figures

5–11. The proposed ANFIS, unlike the traditional ANFIS for LFC, takes three inputs: ACE, the derivative of the ACE, and

the integral of the ACE. The inclusion of the integral of the ACE accounts for the historical accumulation of the ACE,

which leads to an improved control action. This enhancement ensures that the control system better addresses both current

and past deviations in frequency, resulting in a more robust and responsive load frequency control.

Figure 5. Proposed ANFIS Structure Showing all 5 Layers
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Figure 6. Membership functions for ACE input before training

Figure 7. Membership functions for ACE input after training

Figure 8. Membership functions for the derivative of ACE input before training
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Figure 9. Membership functions for the derivative of ACE input after training

Figure 10. Membership functions for the integral of ACE input

Figure 11. Membership functions for the integral of ACE input after training
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Four membership functions are selected for each of the inputs. The two inner membership functions are chosen

as generalized bell (gbell) membership functions, while the two outer membership functions are selected as trapezoidal

membership functions. This combination strikes a balance between performance and computational complexity, optimizing

the system’s accuracy and efficiency. Figures 6–11 illustrate the membership functions of the three inputs both before

training and after the membership function parameters have been updated following the final training epoch. These

membership functions are given by (9) and (10).

µgbell(x;ai,bi,ci) =
1

1+
∣∣∣ x−ci

ai

∣∣∣2bi
(9)

where x is the input vector with crisp values to be converted to fuzzy values by the membership functions, ai, bi, ci are
parameters set that shape the membership functions. Specifically, ci represents the center, ai is half the width, and bi

determines the slope of the bell-shaped membership function. These parameters are updated during the backpropagation

phase of the hybrid training algorithm for the ANFIS controller, allowing the system to learn and adapt for improved

performance.

µtrapezoidal (x;ai,bi,ci) =



0, x ≤ ai
x−ai
b−ai

, ai < x ≤ bi

1, ci < x ≤ di
x−ai
bi−ai

, ci < x ≤ di

0, x ≥ ai

(10)

where ai and bi define the feet, and ci and di the shoulders of the trapezoid.

The Figure 12 illustrates the progression of the overall network error across training epochs. This graphical

representation offers insight into the convergence behavior of the network during the training process. By tracking

the fluctuations in error over successive epochs, the figure provides a visual depiction of how effectively the network

learns and adjusts its parameters to minimize error and improve performance. Such visualizations play a crucial role in

understanding the dynamics of the training process and assessing the efficacy of the employed training algorithm or model

architecture.

Figure 12 shows the progression of the overall neural network error across training epochs. The figure provides a

visual depiction of how the neural network learns and adjusts its parameters to minimize error and improve performance

and hence an indication of the efficacy of the employed training algorithm or model architecture.

Figure 13 shows the performance of the ANFIS controller when tested against the training dataset. The blue circles

represent the training data while the red stars represent the output of the ANFIS controller. A close match between the

two suggests effective learning. The figure depicts the effectiveness of the ANFIS controller to capture patterns and

relationships within the data that it was trained on. Figure 14 is the same as Figure 12 except that the testing of the controller

is against an unseen dataset. The unseen dataset is generated by ADIWACO-tuned PID controller following the application

of a negative 0.05 per unit step load perturbation to the test system. Figure 14 validates the generalization ability of the

ANFIS controllers outside of their training dataset.
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Figure 12. Progression of the overall neural network error across training epochs

Figure 13. Performance of the ANFIS model when tested against the training dataset
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Figure 14. Performance of the ANFIS model when tested against an unseen dataset

2.3 Testing the proposed controller on the test system

The efficacy of the proposed ANFIS controller for load frequency control is tested on the test system using

Matlab/Simulink (R2023a) environment. The laptop for the implementation has Windows 11 (64-bit) edition and is

equipped with Intel(R) Core (TM) i5-8250U CPU @ 1.60 GHz 1.80 GHz and installed RAM of 24.0 GB. Four distinct

experimental scenarios, detailed in the subsequent section, are executed to assess the controller’s performance. The

performance evaluation is done in terms of the following performance metrics: settling time, steady state error, overshoot,

undershoot, and integral time absolute error (ITAE) values. A comparative analysis is performed against four existing

LFC strategies, namely LFC strategies based on ADIWACO-tuned PID controller [3], fuzzy logic controller employing

the fuzzy rule set proposed in [22], an ANN-based controller in [49], and an ANFIS controller with only ACE and its

derivative as inputs proposed in [24]. This ANFIS controller is termed “Traditional ANFIS controller” throughout this

paper. The Simulation model and the controller subsystem within the simulation model are presented in Figures 15 and 16

respectively.

Figure 15. Simulation model of the test system
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Figure 16. Controller subsystem within the simulation model

3. Results and discussion

3.1 Scenario 1

In this experimental scenario, a perturbation consisting of a positive step load of 0.1 is applied in area 1 of the

test system. The comparison curves of the frequencies and the tie-line power flows are shown in Figures 17–22. The

corresponding ITAE values and relevant waveform characteristics are given in Table 1. From Table 1, regarding the

settling time of the frequency response of Area 1, the proposedANFIS controller emerges as the best, recording the shortest

settling time of an impressive 2.1 s. This represents a substantial improvement of 81.25% (11.2 s), 84.5588% (13.6 s), and

48.7805% (4.1 s) in comparison to the settling times provided by theANN, Fuzzy Logic, and Traditional ANFIS controllers

respectively. It is worth noting that the ADIWACO-tuned PID controller demonstrated competitive performance with a

settling time of 2.3 s (8.696%). Similar improvements are observed regarding the frequency responses of areas 2 and 3,

and power responses in the tie lines.

Also, in terms of undershoot and overshoot in the tie lines power and frequency responses, the proposed ANFIS

controller shows superior performance to the comparison controllers. ForArea 1 frequency response, the proposed controller

exhibits an undershoot of 0.041 Hz which represents 14.58% (0.048 Hz), 46.05% (0.076 Hz), 83.8583% (0.254 Hz) and

10.8696% (0.046 Hz) improvement on the PID, ANN, Fuzzy Logic and the Traditional ANFIS controllers respectively.

This observation does not differ too much for the frequency responses of the other control areas and the tie-line power

responses. The proposed ANFIS controller provides frequency and tie lines power responses with zero overshoot for all

areas except area 1 frequency response which has an overshoot of 0.0051 Hz. This is only excelled by the Traditional

ANFIS controller which produces area 1 frequency response with no overshoot.

In terms of steady state error, both the PID and the proposed ANFIS controllers yield approximately zero errors in

both the frequency and the tie lines power responses of all the control areas. The Traditional ANFIS controller provides

comparable steady-state error performance, with the steady state error not exceeding 0.014 in all cases. In contrast, the

ANN and fuzzy logic controllers give larger steady-state errors.

Regarding the ITAE values, the proposed ANFIS controller produces the lowest value of 0.04932, signifying superior

overall performance in mitigating deviations of the area frequencies and tie-line power flows. The Traditional ANFIS and

PID controllers exhibit competitive ITAE values. The improvement in their ITAE values by the proposed ANFIS controller

are 18.4928% (0.06051) and 21.2141% (0.0626) respectively. The ANN and fuzzy logic controllers yield higher ITAE

values, indicating suboptimal control performance.
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Figure 17. Scenario 1 Area 1 frequency response

Figure 18. Scenario 1 Area 2 frequency response

Figure 19. Scenario 1 Area 3 frequency response
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Figure 20. Scenario 1 ∆P(tie 1)

Figure 21. Scenario 1 ∆P(tie 2)

Figure 22. Scenario 1 ∆P(tie 3)
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Table 1. Scenario 1 results (left)

Controller Settling Time (s) Undershoot (−−−ve Hz) Overshoot (Hz)

∆ f1 ∆ f2 ∆ f3 ∆ f1 ∆ f2 ∆ f3 ∆ f1 ∆ f2 ∆ f3
PID 2.3 2.9 1.7 0.048 0.002 0.004 0.011 0 0
ANN 11.2 9.4 10.4 0.076 0.011 0.042 0.035 0.004 0.008

Fuzzy Logic 13.6 18.4 12.2 0.254 0.091 0.144 0.052 0.129 0.024
Trad. ANFIS 4.1 6.1 4.2 0.046 0.004 0.013 0 0 0
Prop. ANFIS 2.1 2.9 1.6 0.041 0.002 0.002 0.0051 0 0

Table 1. Scenario 1 results (right)

Undershoot (−−−ve puMW) Steady State Error (f in Hz, P in pu) ITAE Values

∆P1 ∆P2 ∆P3 ∆ f1 ∆ f2 ∆ f3 ∆P1 ∆P2 ∆P3
0.006 0.001 0 0 0 0 0 0 0 0.06051
0.078 0 0 0.002 0.02 −0.04 −0.081 −0.004 0.023 1.097
0.138 0.035 0 0.01 0.04 −0.11 −0.095 −0.031 0.051 0.3925
0.009 0.003 0 0 0.01 −0.01 −0.014 −0.004 0.001 0.0626
0.002 0.001 0 0 0 0 0 0 0 0.04932

3.2 Scenario 2

This scenario tests the controller in a dynamic environment by applying simultaneously random load perturbation, wind

turbine power generation, and solar power generation disturbances in Area 1 of the test system. The applied disturbance,

shown in Figure 23, is what is applied in the study reported in [3, 36]. The results, in terms of the performance metrics

used in scenario 1 except for the settling time and steady state errors, presented in Figures 24–29 and Table 2, offer a

comprehensive insight into the controllers’performance under these challenging conditions. The proposedANFIS controller

proves superior in most cases to the comparison LFC controllers regarding overshoot and undershoot in the responses

of area frequencies and tie-line power flows. Notably, in the response of area 1 frequency, an overshoot of 0.01 Hz is

obtained, representing a 66.66% (0.01 Hz), 91.67 % (0.12 Hz), 93.75% (0.16 Hz) and 83.33 % (0.06 Hz) improvement over

the overshoots provided by the PID, ANN, fuzzy logic and the Traditional ANFIS controllers respectively. The Traditional

ANFIS controller provides an overshoot value of zero in area 3 frequency response. However, its corresponding undershoot

value of 0.015 Hz is the worst of the values produced by all five controllers. The undershoot value of 0.001 Hz by the

proposed ANFIS controller represents an improvement of 93.33% over this value. Once again in terms of the ITAE value,

which provides a measure of the overall efficacy of a controller to mitigate frequency and tie-line power deviations, the

proposed controller maintains the lowest ITAE value of 0.1116. The ITAE value represents an improvement of 13.3%

(0.1338), 90.02% (1.163), 77.81% (0.5227) and 76.51% (0.4939) over the corresponding values of the PID, ANN, Fuzzy

Logic and the Traditional ANFIS controllers respectively. Scenario 2 results highlight the efficacy of the proposed ANFIS

controller in mitigating the impact of severe power system disturbances.

Table 2. Scenario 2 results

Controller Overshoot (Hz) Undershoot (−−−ve Hz) Overshoot (pu MW) Undershoot (−−−ve pu MW) ITAE Values

∆ f1 ∆ f2 ∆ f3 ∆ f1 ∆ f2 ∆ f3 ∆P1 ∆P2 ∆P3 ∆P1 ∆P2 ∆P3
PID 0.03 0.003 0.001 0.010 0.002 0.003 0.004 0 0 0.004 0 0 0.1338
ANN 0.12 0.007 0.005 0.004 0.018 0.015 0.01 0.012 0 0.001 0 0.007 1.163

Fuzzy Logic 0.16 0.211 0.019 0.144 0.024 0.12 0 0 0.04 0.246 0.165 0 0.5227
Trad. ANFIS 0.06 0.009 0 0.027 0.001 0.015 0 0 0 0.017 0.005 0.013 0.4939
Prop. ANFIS 0.01 0.001 0.001 0.011 0.002 0.001 0.001 0 0 0.004 0 0 0.1116
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Figure 23. The applied power disturbances

Figure 24. Scenario 2 Area 1 frequency response

Figure 25. Scenario 2 Area 2 frequency response
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Figure 26. Scenario 2 Area 3 frequency response

Figure 27. Scenario 2 ∆P(tie 1)

Figure 28. Scenario 2 ∆P(tie 2)
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Figure 29. Scenario 2 ∆P(tie 3)

3.3 Scenario 3

This scenario is the same as Scenario 2 except that a governor dead band of 0.15 mHz and a communication time

delay of 5 ms are factored into the power system model for more realistic performance evaluation as in [3]. The block

diagram representation of the constraints which is incorporated in the power system model presented in Figure 1 is shown

in Figure 30.

Figure 30. Block diagram representation of constraints

The results are presented in Figures 31–36 and Table 3. As shown by the results, the proposed ANFIS controller

continues to demonstrate excellent performance, with minimal overshoot and undershoot in the presence of real-world

physical constraints. Conversely, the fuzzy logic and ANN controllers produce increased overshoot and undershoot values,

suggesting challenges in adapting to the combined disturbances and system constraints. The Traditional ANFIS and the

PID controllers maintain competitive performance, with the proposedANFIS showing marginal improvements, particularly

in keeping down overshoot. Regarding ITAE value, the proposed controller still provides the lowest value of 0.1388. The

fuzzy logic and ANN controllers give higher ITAE values, indicating inferior performance in the presence of the two

physical constraints. The proposed ANFIS controller improves their ITAE values by 97.06% (4.807) and 99.99% (176)

respectively.
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Figure 31. Scenario 3 Area 1 frequency response

Figure 32. Scenario 3 Area 2 frequency response

Figure 33. Scenario 3 Area 3 frequency response
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Figure 34. Scenario 3 ∆P(tie 1)

Figure 35. Scenario 3 ∆P(tie 2)

Figure 36. Scenario 3 ∆P(tie 3)

Journal of Electronics and Electrical Engineering 334 | Yaw Opoku Mensah Sekyere, et al.



Table 3. Scenario 3 results

Controller Overshoot (Hz) Undershoot (−−−ve Hz) Overshoot (Hz) Undershoot (−−−ve pu MW) ITAE Values

∆ f1 ∆ f2 ∆ f3 ∆ f1 ∆ f2 ∆ f3 ∆P1 ∆P2 ∆P3 ∆P1 ∆P2 ∆P3
PID 0.01 0.0023 0.003 0.01 0.004 0.003 0.002 0 0.0012 0.002 0 0.0005 0.1411
ANN 0.22 0.03 0.03 0.24 0.03 0 0.355 0.01 0 0.002 0.141 0.0073 176.2

Fuzzy Logic 0.05 0.28 0.01 0.12 0.24 0.04 0 0.0001 0 0.411 0.386 0.4951 4.807
Trad. ANFIS 0.02 0.01 0 0.03 0.003 0.031 0 0.0001 0.005 0.015 0.004 0 0.5749
Prop. ANFIS 0.03 0.002 0.002 0.02 0.003 0.003 0.002 0 0.0007 0.002 0 0.0005 0.1388

3.4 Scenario 4

In Scenario 4, system parameters are varied by ±25% to verify the robustness of three of the controllers: the proposed

ANFIS controller, the PID controller, and the Traditional ANFIS controller. A step load perturbation of 0.05 pu is applied,

and the ensuing results are presented in Table 4 and in Figures 37 and 38. From the curves, the proposed ANFIS and PID

controllers demonstrate better robustness. Regarding ITAE, the proposed controller provides the lowest value of 0.0239

for the +25% parameters variation and 0.03708 for the −25% parameters variation as presented in Table 4, making it the

best of the three under uncertain system model parameters.

Figure 37. +25% of nominal parameters variation for Area 1 frequency response

Figure 38. −25% of nominal parameters variation for Area 1 frequency response
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Table 4. Scenario 4 results

Controller +25% Parameter Variation −−−25% Parameter Variation

ITAE Values ITAE Values
PID 0.02627 0.05413

Traditional ANFIS 0.13064 0.184
Proposed ANFIS 0.0239 0.03708

4. Conclusions

This paper has proposed a novel ANFIS controller for LFC in a multi-area power system with RES. The proposed

ANFIS controller, improved by ading the integral of the ACE to its two traditional input signals consisting of ACE and

derivative of ACE, has been systematically evaluated against four established controllers: PID, ANN, fuzzy logic, and

ANFIS with the two traditional input signals on the IEEE-39 bus test system modified as a three-area power system with

RES integration. The training dataset of the proposed ANFIS is generated by PID controllers tuned by a variant of PSO

algorithm called ADIWACO. Through four experimental scenarios involving disturbances and real-world power system

constraints- specifically communication time delays and governor dead bands-, performance metrics comprising settling

time, overshoot, undershoot, steady-state error, and ITAE values, have been rigorously analyzed. The results demonstrate

that the performance of the proposed ANFIS controller is superior in all four scenarios. Particularly, it gives a far lower

settling time than the comparison controllers when a positive step load perturbation of 0.1 is applied in the first experimental

scenario and the lowest ITAE values across all the experimental scenarios. Notably, the proposed ANFIS controller shows

a 75.89% improvement in ITAE value over the traditional 2-input ANFIS when implemented in a RES-integrated power

system with communication delays and governor dead band constraints, underscoring the importance of the additional

input. Also, variation of power system parameters in one experimental scenario further highlights the robustness of the

proposed controller to uncertain system model parameters. As power systems continue to evolve, the adaptability and

robustness demonstrated by the proposedANFIS controller make it a viable choice for efficient and resilient load frequency

control strategy in multi-area power systems with RES.

Appendix

Test system: Area 1 rating = 820 MW, Area 2 rating = 2050 MW, Area 3 rating = 3280 MW, nominal loading = 50%,

area power rating ratios α12 =− 2
5 ,α13 =− 2

8 ,α23 =− 5
8 , Kps = 100, Power system time constant = 20 s, Droop Constant

(1/R) = 0.333 p.u.MW/Hz, Frequency Bias, B1 = 0.425 p.u.MW/Hz, Synchronization coefficient, T = 0.545, Solar PV

generation participation factor 0.33, Wind generation participation factor 0.33, Thermal plant participation factor 0.33.

Solar PV generation rating = 273.3 MW, Solar PV time constant, TPV = 1.8 s, Solar PV gain, KPV = 1, Wind Turbine

generation rating = 273.3 MW, Wind Turbine generation participation factor 0.33, Wind generation time constant, TWT G =

1.5 s, Wind turbine generation gain, KWT G = 1, Droop Constant (1/R) = 0.417 p.u.MW/Hz, Frequency Bias, B = 0.425

p.u.MW/Hz. Governor gain Kg = 1, Governor time constant, Tg = 0.08, Turbine gain, Kt = 1, Turbine time constant Tt =

0.3, Thermal reheater time constant, Tre = 10, Thermal reheater gain, Kre = 0.5.

∆Ptie,1 = ∆Ptie,12 +∆Ptie,13,

∆Ptie,2 = α12∆Ptie,12 +∆Ptie,23,

∆Ptie,3 = α13∆Ptie,13 +α23∆Ptie,23
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