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Abstract: The voltage control of synchronous generators, particularly under varying load conditions,
remains a significant and complex challenge in the field of engineering. Although various control
methods have been implemented for automatic voltage regulator (AVR) systems to control the
terminal voltage of synchronous generators, the PID-based control method continues to be one of the
most basic and widely used approaches. Determining the optimal values for the Kp, Ki, and Kd values
is essential to ensuring efficient and rapid performance in a PID controller. This study presents PLC-
based PID controller tuning using an adaptive artificial bee colony–fuzzy logic (aABC-FL) approach
for voltage control in a micro-hydro power plant installed as an experimental setup. The real-time
control and monitoring of the system was conducted using an S7-1200 programmable logic controller
(PLC) integrated with a totally integrated automation (TIA) portal interface and a SCADA screen.
The aABC-Fuzzy design was developed using the MATLAB/Simulink platform, with PLC-MATLAB
communication established through OPC UA and the KEPServerEX interface. The results obtained
from experiments conducted under different load conditions showed that the proposed aABC-FL PID
significantly minimized settling time and overshoot compared to the classical PLC-PID. Additionally,
the proposed method not only provided a good dynamic response but also proved to be robust and
reliable for real physical AVR systems.

Keywords: artificial bee colony; fuzzy logic; PID; AVR; PLC

1. Introduction

The control of terminal voltage in synchronous generators (SG) has been a challenging
issue in both academic research and industrial applications for decades. This challenge
arises from the nonlinear nature of SGs and the systems in which they operate, as well as the
impact of unpredictable parameters on the system behavior. The fluctuations in load lead
to variations in voltage, causing control circuits to adjust the excitation voltage or current
of SGs to restore nominal values. Devices that regulate the terminal voltage of synchronous
generators and maintain voltage variations within specified limits are called automatic
voltage regulators (AVR). In parallel (synchronous) operating synchronous generators and
power systems, the AVR not only adjusts the output voltage but also ensures the proper
sharing of reactive power among the generators.

To improve the control capabilities of automatic voltage regulators (AVRs), several
advanced control strategies have been proposed in the literature. A fractional high-order
differential feedback controller (FHODFC) was proposed, which has been shown to provide
a lower overshoot percentage, settling time, rise time, and peak time compared to other
controllers [1]. In another study, a neural network predictive controller with an imperialist
competitive algorithm was proposed for AVR [2]. Another proposed approach involves the
use of a PIλDND2N2 controller using the coyote optimization algorithm for an AVR in a
power system [3].
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Achieving a robust, stable, and dynamic response in AVR systems requires determin-
ing the optimal values for the proportional, integral, and derivative gains (Kp, Ki, and Kd).
An appropriate tuning technique to obtain these optimal gains is essential for ensuring the
stable performance of the system.

To enhance the robustness of PID controllers and optimize the proportional–integral–
derivative gains in an automatic voltage regulator, various optimization methods, artificial
intelligence techniques, and metaheuristic algorithms have been employed in the design
and tuning processes of these control systems. A review of the literature shows that
various methods have been proposed to optimize PID controllers in AVR systems, in-
cluding the cuckoo search algorithm [4,5], yellow saddle goatfish algorithm [6], chaotic
black widow algorithm [7], future search algorithm [8], nonlinear sine cosine algorithm [9],
teaching–learning based optimization algorithm [10], whale optimization algorithm [11,12],
coyote optimization algorithm [3], kidney-inspired algorithm [13], stochastic fractal search
algorithm [14], particle swarm optimization algorithm [15], artificial bee colony algo-
rithm [16], tree seed algorithm [17], grey wolf optimization algorithm [18], imperialist
competitive algorithm [19], metaheuristic optimization [20], particle swarm optimiza-
tion [21], Runge Kutta optimization [22], PSS and H∞ optimization [23], monarch butterfly
optimization [24], Sugeno fuzzy-PID tuning [25], fractional order PID [26], hyper-heuristic
approach [27], and sliding mode controller approach [28]. Furthermore, review studies
have been conducted on controller design for AVR and the metaheuristic algorithms used
for their optimization [29,30].

Automation control systems are widely used in science and technology. In industrial
automation systems, PLCs are commonly preferred as controllers and are often considered
the main component of the system. In a study, a fuzzy-PID controller was designed using
MATLAB and PLC for voltage control in an AVR system [31]. In another study, a real
concentrated solar power plant was modeled, with system control achieved through a PLC
using fuzzy-PID [32]. Another study reported the control of a real physical system via
PLC using deep reinforcement learning optimization [33]. In a study on process control
applications using a PLC, a generalized predictive PI controller was proposed to enhance
system performance [34].

An AVR system consists of four main components: an amplifier, an exciter, a generator,
and a sensor. Each of these components is modeled as a first-order system, which is charac-
terized by respective gains, Ka, Ke, Kg, and Ks, along with time constants, Ta, Te, Tg, and Ts.
In the literature, existing studies on AVR are observed to focus on the following topics: pro-
posed controllers, proposed parameter optimization algorithms, superiority comparison,
tuning methods, analysis methods, and performance indices. Comprehensive surveys and
comparisons have been conducted on AVR-related studies [13,28–30]. These studies typi-
cally present block diagrams of uncontrolled, controlled, and metaheuristic-controlled AVR,
along with their respective transient response, step response, and robustness graphs. In
addition, they include pole-zero plots, Bode diagrams, robustness analysis, and frequency
response analyses.

The same classical AVR model, transfer function, and similar or closely related param-
eter ranges are observed to be used in almost all studies. The primary focus has been on
achieving better results with the applied metaheuristic method compared to those used in
other studies.

In this study, the terminal voltage of a micro-hydro power plant (MHHP) installed
as an experimental setup was controlled using both classical PID and adaptive artificial
bee colony–fuzzy logic PID (aABC-FL PID). A task-sharing approach among the hardware
was proposed for voltage control, in which more complex and challenging parts of the
software were executed on a separate computer, thereby reducing the software load on
the PLC. This study may serve as a valuable example for researchers aiming to perform
complex operations using PLCs. The PID controller gains on PLC were tuned using the
artificial bee colony–fuzzy logic algorithm, which was implemented in MATLAB/Simulink
on a separate computer. The membership function (MF) parameters of the developed
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fuzzy model were dynamically optimized using the proposed adaptive artificial bee colony
(aABC) algorithm. The main contributions of this study can be listed as follows:

• The aABC-Fuzzy PID technique has been proposed for the first time in the PID
controller design of a real physical AVR system, marking the most significant aspect
of the originality of this study.

• In contrast to existing studies, rather than using the classical AVR model and transfer
function, an experimental approach specific to the controlled system has been presented.

• Unlike many existing studies, a dynamic and adaptive control design has been imple-
mented in a real physical system.

• A real-time application has been presented demonstrating the practical value and
tuning methodology of the proposed algorithm using industrial equipment, such as
a PLC.

• This study demonstrates that metaheuristic algorithms can be applied in industrial
applications using simple controllers, such as PLCs.

• The aABC-fuzzy PID controller offers significant theoretical and practical advantages,
including real-time performance, online parameter adjustment, and reliable conver-
gence behavior.

• This approach can be applied to develop advanced real-time controllers for use in both
academic and industrial applications.

• This approach can be extended to hybrid and large-scale power plants.

The paper is organized as follows: Section 2 provides materials and methods, offering
detailed information about the experimental setup. Section 3 explains the proposed aABC-
fuzzy PID. Section 4 discusses the results obtained from experimental studies. Finally,
Section 5 presents the conclusions and future works.

2. Experimental Setup

The experimental setup consists of three 1 kW synchronous generators synchronized
with each other, three single-nozzle Pelton turbines fabricated using a 3D printer, a water
tank with a capacity of approximately one ton, a 5.5 kW centrifugal pump supplying the
required flow and pressure, and an 11 kW frequency converter controlling the pump’s
speed. In addition, electrical components, such as network analyzers, synchronization
devices, proportional valves, sensors, and contactors, are used in the setup. The design of
the mechanical and electrical systems of the prototype, as well as its operational scenario,
closely simulates a real MHPP. S7-1214C DC/DC/DC PLC has been used to control the
voltage and frequency of the synchronous generators based on load and other control
processes. Figure 1 illustrates the overall design of the experimental setup.
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2.1. Working Principle of the Experimental Setup

In the prototype, water is drawn from a tank with an approximate capacity of one ton
and is delivered to the proportional valves through a horizontal shaft, a four-stage pump
driven by an asynchronous motor, and a connected piping system. An analog sensor is
used to monitor the water pressure within the system. The centrifugal pump motor, which
is controlled by a frequency converter connected to a PLC, stabilizes the water pressure.
The proportional valves regulate the flow rate, directing the water through nozzles to the
Pelton turbines at an increased velocity. As the water passes through the turbines, it loses
energy and flows back into the tank. The mechanical energy generated in the turbines
is then converted into electrical energy by the synchronous generators coupled with the
turbine shaft. The excitation of synchronous generators is conducted by DC converters,
which are controlled by a 0–5 V analog signal. The frequency of the SGs is managed
by the PLC, which controls the proportional valves. The electrical energy generated is
synchronized and integrated into the power grid using synchroscope devices. Throughout
these processes, the PLC continuously monitors and controls the system using sensors and
network analyzers. Additionally, real-time event monitoring is facilitated by PLC-SCADA
TIA Portal V17 software. Figure 2 shows a block diagram of the system.
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2.2. Voltage Control

The 0–5 V analog control inputs of the DC converters are connected to the analog
outputs of the PLC to control the voltage produced by the SGs. This signal adjusts the
excitation voltage, thereby regulating the output voltage of the generators. Prior to the
synchronization of the SGs with each other, generator voltages need to match the busbar
voltage. The process, which is detailed in the flowchart in Figure 3, ensures that this voltage
matches between the generators and the busbar. This process is essential for successful
synchronization and is terminated once synchronization is completed.

Here, Iexc is the excitation current, and VL-N is the phase-neutral voltage.
The nominal values of the SGs in the experimental setup are as follows:

• Power: 1 kW;
• Speed: 1500 rpm;
• Frequency: 50 Hz;
• Voltage: 380 V AC (Phase-neutral: 220 V);
• Current: 2.3 A AC;
• Excitation voltage: 72 V DC;
• Excitation current: 2.1 A DC.
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The nominal current and voltage of the SGs are effective values.
The control of terminal voltages of the SGs under varying load conditions is achieved

using the PID_Compact function. The PID algorithm works according to Equation (1).

y = Kp

[
(b·w − x) +

1
TI ·s

(w − x) +
TD·s

a·TD·s + 1
(c·w − x)

]
(1)

Here, y is the output value of the PID algorithm, Kp is the proportional gain, s is the
Laplace operator, b is the proportional action weighting, w is the set point, x is the process
value, TI is the integral action time, TD is the derivative action time, a is the derivative
delay coefficient, and c is the derivative action weighting [35]. Figure 4 shows the PID block
diagram of voltage control using the PLC.

The compact PID created for SG1 within the OB30 Cyclic Interrupt block in the TIA
Portal V17 interface is shown in Figure 5.

PID_Compact obtains the measured value of the process in a control loop and, after
processing it, compares the value with the setpoint. Using the obtained control deviation,
PID_Compact calculates the output value, which is quickly adapted to the setpoint. For the
PID controller, the calculated output value consists of three actions, namely, P, I, and D.
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The proportional action responds directly to the control deviation by increasing in
proportion with it. The integral action gradually increases the output value over time until
the control deviation is fully balanced. With the rate of change in control deviation, the
derivative action increases, helping in the rapid correction of the setpoint. It decreases
as the rate of change drops in order to ensure stability. During pretuning, PID_Compact
calculates the P, I, and D parameters for the controlled system, and during fine-tuning,
PID_Compact is used to further tune the parameters.

The changes in the setpoint may weaken the proportional action weighting and are
adjustable between 0.0 and 1.0. At 1.0, the proportional action is fully effective for setpoint
change, while at 0.0, it has no effect. However, when the process value is changed, the
proportional action remains fully effective. The changes in the setpoint may weaken the
derivative action weighting and are adjustable between 0.0 and 1.0. At 1.0, the derivative
action is fully effective for setpoint change, while at 0.0, it has no effect. However, when
the process value is changed, the derivative action remains fully effective [35].

After completing other parts of the software according to the working scenario, PID
Compact in the TIA Portal interface was used for voltage control. The configuration
window within the PID Compact was opened, and the basic settings were configured. The
controller type was set to voltage. In the Input/Output Parameters section, Input_PER
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(analog) and Output_PER (analog) were selected because the output voltage is continuously
measured through the analog output of a power analyzer, and the control signal for the
voltage-regulating DC converter is also analog. The setpoint was configured as 220 V.
The generator output voltage was continuously measured as an effective (RMS) value. In
the PID Parameters section, the parameters were left at their default values, as shown in
Figure 6. These default values were used as the initial parameter settings.
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After completing the configuration settings mentioned above, the real/physical system
was commissioned. The commissioning window in PID Compact was opened, and both
the pretuning and fine-tuning processes were carried out accordingly. While the system
was running, the appropriate Kp, Ki, and Kd values for the system were automatically
calculated on the PLC side after the pretuning and fine-tuning processes. Following this,
the system was controlled based on the Kp, Ki, and Kd values calculated by the PLC. The
values automatically calculated by the PLC after the pretuning and fine-tuning processes
are shown in Figure 7.
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3. Background of the Proposed Method

This section introduces the proposed method for the AVR system operating in a real-
world environment. The method combines the effective performance of the fuzzy logic in
control problems with the efficiency of the adaptive artificial bee colony (aABC) algorithm
in numerical optimization problems (NOPs). In this context, the dynamic fuzzy system that
tunes the PID parameters achieves the balance between accuracy and complexity through
aABC [36], which is an improved version of the classical ABC [37]. This metaheuristic
approach aims to create a robust model.

In studies that adjust PID parameters with the fuzzy logic system, a classical fuzzy-PID
structure is generally preferred. However, in some studies, a fuzzy logic controller modeled
with metaheuristic algorithms is used for the dataset obtained by system simulation, and the
system is controlled by a static controller at runtime. In the proposed method, an adaptive
fuzzy logic controller has been used, allowing the system to adapt to the environment in a
shorter time period.

In [38], the fuzzy logic system and metaheuristic algorithms were used together for
adaptive PID control. PID parameters were updated at runtime with a metaheuristic
algorithm, while a fuzzy logic system was used to increase the efficiency of the algorithm.
In the proposed method, a more robust fuzzy-PID modeled with a metaheuristic method
has been created for adaptive control of the system.

In this study, the fuzzy logic system parameters are normalized to the range of [0, 1],
and the metaheuristic method adjusts the membership function parameters of the fuzzy
logic based on this sensitivity. Hence, the proposed method can also be adapted to the
control of other nonlinear systems [39–43].

The proposed method is coded in MATLAB, and the application runs on a machine
with 32 GB of RAM, an i7-1165MG7 2.80 processor, and a Windows 10 operating system.

The method aims to optimize the PID parameters (Kp, Ki and Kd) by considering the
error (e) of the result produced by the system and the change in the error (ce) compared to
the previous step, with the approach widely used in fuzzy-PID designs. To enhance the
efficiency of the method, fuzzy variables were defined in the range of [0, 1], and values
were assigned to the membership function (MF) parameters of these variables within
the same range. Therefore, the lower and upper limits for aABC, which searches for the
optimum values for these parameters, were determined as 0 and 1, respectively. In the
preliminary stage of this study, the system was operated with random loads, and the errors
and adjustment time data obtained with different PID parameters were saved for further
analysis. The dataset prepared with approximately 500 experiments was analyzed, and
the minimum and maximum values were determined for each variable (input–output) as
presented in Table 1. Then, the dataset was normalized to the range of [0, 1].

Table 1. Minimum and maximum values for variables in the dataset.

e ce Kp Ki Kd

Min −120 −120 0 0 0
Max 120 120 5 3 1

The error and the change in error can take negative values. However, for more efficient
design, it is advantageous to restrict the values of fuzzy variables and metaheuristic
methods to the range of [0, 1]. In this context, note that the minimum values in columns e
and ce in Table 1, which were used for scaling, are negative.

The proposed method is illustrated in Figure 8.
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Figure 8. Block schema of the aABC-fuzzy-PID.

As shown in Figure 8, the output of the system is compared with the reference value,
determined as 220 V, and the error is calculated accordingly. This error is then input into
the aABC algorithm, which searches for the fuzzy logic parameters that optimize the PID
parameters to minimize the error in the next step, thereby achieving a lower error than
expected. After the new fuzzy model design, the current error and error change values
are scaled to the [0, 1] range and input to the fuzzy model. The PID parameter values
determined by the fuzzy model are then multiplied by the necessary coefficients and
assigned to the PID controller. The details of the fuzzy logic and aABC techniques used in
this method are described as follows.

3.1. Fuzzy Logic Side

In the fuzzy logic (FL) designed to tune the PID parameters of the method, the error (e)
and the change in error (ce) are used as input variables, while the PID parameters to be tuned
for these inputs (Kp, Ki, and Kd) are used as output variables. The Mamdani inference
system was used for the relationship analysis between the inputs and outputs. The fuzzy
model structure used in the method is presented in Figure 9.
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(gaussmf ), and combined Gauss (gauss2mf ), and the system performance is tested with
these types in the preliminary process. The triangle type is an MF type commonly used in
fuzzy-PID systems that can provide successful solutions. Its function has three parameters.
The Gauss type has smooth transitions instead of sharp curves like the triangle type. In its
function, the right and left sides of the MF are symmetrical to each other. In addition, the
function has two parameters; thus, it is advantageous in terms of parameter optimization.
The combined Gauss type is the combined form of two different Gauss types. The curves
on the right and left sides of the MF are independent of each other. In this context, the
function is more flexible than the triangle and Gaussian-type MFs, and more successful
solutions have been obtained in the studies [44]. Details of the selected MFs are shown in
Table 2.

Table 2. Membership functions used in the method.

Name Shape Formula

Trimf
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as trimf parameters: a, the starting point of the triangle; b, the value at which the mem-
bership degree reaches 1; and c, the third point at which the triangle is completed. In the
gaussmf and gauss2mf functions, σ represents the standard deviation, and c represents
the mean for the Gaussian function. For gauss2mf, the left curve of the function graph is
determined by σ1 and c1, while the right curve is determined by σ2 and c2 (MATLAB code:
y = gauss2mf (x,[σ1,c1,σ2,c2])) [45] (details are available in MATLAB R2021a).

The fuzzy model was designed as a rule-based system, and the rule table in Table 3
was used for each output. In the model tuning process, the rules were kept constant, while
the optimal values were searched for MF parameters.

Table 3. Rule table used for all outputs of the system.

Kp, Ki, Kd
e

NL NM NS ZE PS PM PL

ce

NL PL PL PL PL PM ZE ZE
NM PL PL PL PL PM ZE ZE
NS PM PM PM PS ZE NM NM
ZE PM PM PS ZE NS NM NM
PS PM PM ZE NS NM NM NM
PM ZE ZE NM NL NL NL NL
PL ZE ZE NM NL NL NL NL

3.2. Metaheuristic Side

On the fuzzy logic side of the proposed method, system performance is improved
by optimizing the MF parameters while keeping the rules constant. In this context, a
metaheuristic approach that can effectively adjust the numerical parameters, effectively
change the numerical parameters, efficiently scan the search space, and offer fast conver-
gence is required. Therefore, the aABC algorithm is preferred for tuning the fuzzy system
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in the proposed method. The standard ABC is a metaheuristic method developed for
NOPs [37]. It is favored over other metaheuristic methods due to its advantage of fewer
parameters and easy applicability. The method has been successfully applied to NOP
solutions in different fields of engineering with its original model, improved versions, and
extensions [46,47]. The algorithm has also provided successful solutions in optimizing
different artificial intelligence methods [48–50]. The aABC is an enhanced version of ABC
that dynamically updates the ABC parameters during the search process, thus providing
the algorithm with a more effective exploitation–exploration balance. In [36], the weights
of the artificial neural network were optimized using the aABC algorithm. In this way, the
efficiency of the algorithm for NOP was tested on an artificial intelligence technique by
comparing it with the state-of-the-art methods.

In the standard ABC algorithm, there are two parameters, “food” and “limit”. The
food parameter represents the number of random solutions to be generated initially. The
number of artificial employed bees and artificial onlooker bees that carry out the local
search process is equal to the number of foods. The limit parameter indicates how many
times the current solution can be used in the process of generating a new solution. An equal
number of limit values is assigned to each food (any possible solution in the searching area).
In the artificial employed bee and artificial onlooker bee procedures, if the new solution
is better than the current one, the current solution in the solution matrix is replaced with
the new solution, and the counter is reset for this new solution. If no better solution can
be derived with the current solution in a limited number of trials, the current solution is
removed from the solution matrix and a new random solution is generated.

In the aABC algorithm, the search is directed by considering the fitness values of the
solutions. The fitness value (fit(Xi)) for solution i is calculated as shown in Equation (2).

f it(Xi) =


1

1+ f (Xi)
i f ( f (Xi) ≥ 0)

1
1+abs( f (Xi))

otherwise
(2)

Here, f (Xi) represents the value calculated with the objective function of the problem
for solution Xi.

In the standard ABC, an equal number of limits is assigned to each solution. In
this context, if a better solution cannot be derived from any of the current solutions, the
limitsum = food * limit number of trials is targeted. The same number of trials is targeted
in the aABC algorithm, as well. However, in order to avoid spending excessive time on
unsuccessful solutions and to be able to effectively scan the neighborhood of successful
solutions, the total limit (limitsum) is distributed according to the fitness values of the
solutions. Therefore, in the aABC algorithm, the limits for all existing solutions are updated
at each iteration. The current limit for solution i is calculated using Equation (3).

limit(i) =
f it(Xi) ∗ f ood ∗ D

∑j=1 f it
(
Xj

) (3)

Here, D represents the number of items (dimension) of any solution vector.
One of the main differences between aABC and ABC is that aABC adopts a greedy

approach in the artificial onlooker bee procedure. In aACB, after the artificial employed
bee phase is completed, the average fitness value for the existing solutions is calculated
using Equation (4).

f itavg =
∑

f ood
i=1 f it(Xi)

f ood
(4)

In the artificial onlooker bee phase, solutions with better fitness values than the average
fitness value are used when deriving new solutions.

The solution space scanning approach and solution generation strategy of the proposed
method were tested on single-objective numerical optimization problems, and widely used
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CEC 2019 benchmark functions were selected for statistical tests of aABC. CEC 2019 is a
benchmark set known as the “100-Digit Challenge”. The set consists of ten multimodal test
functions that represent complex optimization problems. All functions are minimization
functions and are scalable. Some functions (CEC01-CEC03) are taken as they are, while
some (CEC04-CEC10) are shifted and rotated. Additionally, the functions allow contestants
to adjust up to two parameters. Table 4 presents the solution search range, dimensions (D),
and global optimum (best) for each CEC 2019 test problem.

Table 4. CEC2019 benchmark functions.

Id Formulation Range D Best

CEC01 Storn’s Chebyshev Polynomial Fitting Problem [−8192, 8192] 9 1
CEC02 Inverse Hilbert Matrix Problem [−16,384, 16,384] 16 1
CEC03 Lennard–Jones Minimum Energy Cluster [−4, 4] 18 1
CEC04 Rastrigin’s Function [−10, 10] 10 1
CEC05 Griewangk’s Function [−10, 10] 10 1
CEC06 Weierstrass Function [−10, 10] 10 1
CEC07 Modified Schwefel’s Function [−10, 10] 10 1
CEC08 Expanded Schaffer’s F6 Function [−10, 10] 10 1
CEC09 Happy Cat Function [−10, 10] 10 1
CEC10 Ackley Function [−10, 10] 10 1

The performance of the aABC was compared with the results obtained by the algo-
rithms in [51] for the same set of functions. The algorithm’s performance was compared
with various optimization algorithms, including the flower pollination algorithm for global
optimization (FPA) [51], the grey wolf optimizer (GWO) [52], the Salp swarm algorithm
(SSA) [53], the cuckoo search (CS) [54], the sine cosine algorithm (SCA) [55], and the
adaptive flower pollination algorithm (AFPA) [56].

For a fair comparison, the parameter set of the aABC was adjusted to match that in [53].
The value of “food” for the ABC and aABC was set to 15 (note that in ABC algorithms, the
colony size consists of the number of “artificial employed bees” and “artificial onlooker
bees” equal to “food”). The “limit” is calculated as food*D in the ABC and aABC.

The ABC and aABC algorithms were run 30 times independently for each function,
and the maximum cycle number (MCN) in each experiment was set to 500.

The outcomes of all competitive algorithms were evaluated based on the best, worst,
mean, and standard deviation (SD) values in 30 independent experiments for each function.
The results obtained by the algorithms are presented in Table 5.

Table 5. Results of competitive algorithms for CEC2019 benchmarks.

Function Alg. Best Worst Mean SD

CEC01 FPA 1.66 × 108 1.34 × 109 4.94 × 108 2.36 × 108

GWO 4.04 × 104 1.22 × 109 1.17 × 108 2.39 × 108

SSA 1.87 × 108 4.03 × 1010 7.73 × 109 1.04 × 1010

CS 1.00 × 1010 1.00 × 1010 1.00 × 1010 0.00 × 100

SCA 1.60 × 108 2.08 × 1010 6.90 × 109 6.70 × 109

AFPA 1.05 × 106 1.75 × 108 2.52 × 107 3.59 × 107

ABC 1.90 × 107 2.58 × 109 5.78 × 108 1.12 × 108

aABC 1.76 × 107 2.02 × 109 3.91 × 108 6.51 × 107

CEC02 FPA 1.80 × 101 3.18 × 101 2.14 × 101 3.35 × 100

GWO 1.73 × 101 1.74 × 101 1.73 × 101 2.11 × 10−2

SSA 1.73 × 101 1.73 × 101 1.73 × 101 4.75 × 10−4

CS 1.73 × 101 1.73 × 101 1.73 × 101 2.86 × 10−4

SCA 1.74 × 101 1.77 × 101 1.75 × 101 8.77 × 10−2

AFPA 1.73 × 101 1.73 × 101 1.73 × 101 2.80 × 10−5

ABC 1.73 × 101 1.73 × 101 1.73 × 101 3.13 × 10−6

aABC 1.73 × 101 1.73 × 101 1.73 × 101 1.05 × 10−8
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Table 5. Cont.

Function Alg. Best Worst Mean SD

CEC03 FPA 1.27 × 101 1.27 × 101 1.27 × 101 1.56 × 10−7

GWO 1.27 × 101 1.27 × 101 1.27 × 101 2.01 × 10−6

SSA 1.27 × 101 1.27 × 101 1.27 × 101 2.93 × 10−12

CS 1.27 × 101 1.27 × 101 1.27 × 101 9.81 × 10−11

SCA 1.27 × 101 1.27 × 101 1.27 × 101 1.00 × 10−4

AFPA 1.27 × 101 1.27 × 101 1.27 × 101 2.78 × 10−14

ABC 1.27 × 101 1.27 × 101 1.27 × 101 3.07 × 10−6

aABC 1.27 × 101 1.27 × 101 1.27 × 101 2.11× 10−10

CEC04 FPA 9.12 × 101 1.98 × 102 1.26 × 102 2.54 × 101

GWO 2.35 × 101 1.43 × 103 1.60 × 102 3.41 × 102

SSA 1.19 × 101 7.86 × 101 3.74 × 101 1.85 × 101

CS 3.67 × 101 5.82 × 102 1.94 × 102 1.19 × 102

SCA 4.94 × 102 2.25 × 103 1.40 × 103 4.08 × 102

AFPA 2.06 × 101 4.09 × 101 2.92 × 101 5.41 × 100

ABC 5.97 × 101 2.85 × 102 3.33 × 102 2.77 × 102

aABC 1.19 × 101 6.92 × 101 2.98 × 101 1.99 × 101

CEC05 FPA 1.35 × 100 1.80 × 100 1.60 × 100 9.38 × 10−2

GWO 1.05 × 100 1.85 × 100 1.41 × 100 2.72 × 10−1

SSA 1.04 × 100 1.74 × 100 1.24 × 100 1.44 × 10−1

CS 1.04 × 100 2.00 × 100 1.44 × 100 2.50 × 10−1

SCA 2.06 × 100 2.38 × 100 2.21 × 100 7.55 × 10−2

AFPA 1.03 × 100 1.08 × 100 1.06 × 100 1.25 × 10−2

ABC 1.07 × 100 1.81 × 100 1.47 × 100 2.38 × 10−1

aABC 1.03 × 100 1.09 × 100 1.10 × 100 1.72 × 10−2

CEC06 FPA 8.94 × 100 1.16 × 101 1.04 × 101 7.77 × 10−1

GWO 7.78 × 100 1.20 × 101 1.06 × 101 9.26 × 10−1

SSA 1.71 × 100 8.55 × 100 4.69 × 100 1.76 × 10−0

CS 7.73 × 100 1.01 × 101 9.18 × 100 6.53 × 10−1

SCA 9.20 × 100 1.18 × 101 1.08 × 101 6.45 × 10−1

AFPA 8.25 × 100 1.16 × 101 1.03 × 101 7.95 × 10−1

ABC 9.71 × 100 8.89 × 100 1.01 × 101 3.76 × 10−0

aABC 3.07 × 100 7.19 × 100 4.11 × 100 1.74 × 10−0

CEC07 FPA 2.65 × 101 4.93 × 102 2.84 × 102 8.92 × 101

GWO −1.34 × 102 1.02 × 103 4.69 × 102 3.61 × 102

SSA −1.27 × 102 7.61 × 102 2.69 × 102 2.24 × 102

CS −1.50 × 102 3.63 × 102 1.41 × 102 1.17 × 102

SCA 3.66 × 102 1.05 × 103 7.04 × 102 1.70 × 102

AFPA −4.56 × 102 1.81 × 102 7.83 × 101 6.45 × 101

ABC 1.06 × 102 1.15 × 103 6.44 × 102 9.13 × 102

aABC −1.46 × 102 1.51 × 102 1.13 × 102 5.55 × 102

CEC08 FPA 4.96 × 100 6.24 × 100 5.66 × 100 3.27 × 10−1

GWO 3.39 × 100 6.83 × 100 5.09 × 100 9.83 × 10−1

SSA 2.49 × 100 6.38 × 100 5.05 × 100 7.80 × 10−1

CS 4.59 × 100 5.80 × 100 5.28 × 100 3.13 × 10−1

SCA 4.68 × 100 6.62 × 100 6.01 × 100 5.02 × 10−1

AFPA 2.94 × 100 5.63 × 100 4.86 × 100 8.36 × 10−1

ABC 3.01 × 100 7.22 × 100 5.91 × 100 6.07 × 10−1

aABC 2.38 × 100 5.10 × 100 4.11 × 100 2.41 × 10−1

CEC09 FPA 3.70 × 100 6.28 × 100 4.72 × 100 6.46 × 10−1

GWO 2.61 × 100 7.70 × 100 4.52 × 100 1.02 × 100

SSA 2.36 × 100 2.73 × 100 2.49 × 100 9.24 × 10−2

CS 2.56 × 100 3.09 × 100 2.78 × 100 1.31 × 10−1

SCA 1.11 × 101 3.89 × 102 1.09 × 102 8.22 × 101

AFPA 2.42 × 100 4.72 × 100 3.02 × 100 5.23 × 10−1

ABC 2.81 × 100 4.08 × 102 1.29 × 102 6.13 × 101

aABC 2.40 × 100 3.11 × 100 2.25 × 100 4.84 × 10−1
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Table 5. Cont.

Function Alg. Best Worst Mean SD

CEC10 FPA 2.02 × 101 2.06 × 101 2.04 × 101 9.49 × 10−2

GWO 2.03 × 101 2.06 × 101 2.05 × 101 8.86 × 10−2

SSA 2.00 × 101 2.03 × 101 2.00 × 101 8.87 × 10−2

CS 2.01 × 101 2.03 × 101 2.03 × 101 5.31 × 10−2

SCA 2.03 × 101 2.07 × 101 2.05 × 101 7.70 × 10−2

AFPA 1.01 × 101 2.06 × 101 1.98 × 101 2.35 × 100

ABC 2.03 × 101 2.07 × 101 2.04 × 101 6.09 × 102

aABC 1.99 × 101 2.04 × 101 2.07 × 101 3.03 × 101

When Table 5 is evaluated from a general perspective, it is observed that the aABC
algorithm achieves better results than other metaheuristics for CEC2019 test problems.
The aABC produced the best solutions in five out of ten samples (CEC02, CEC03, CEC04,
CEC05, and CEC08). It produced the second-best solutions for functions CEC06, CEC09,
and CEC10 and the third-best solutions for functions CEC01 and CEC07. In this regard, it
ranks the best overall, with an average of 1.7.

For parameter analysis, the aABC algorithm was tested on the CEC01 sample from
CEC2019 benchmark functions with different parameter combinations. Since the algorithm
runs in online mode with a small colony size, small values were assigned to the “food”
parameter of the algorithm in the parameter analysis. The values 3, 5, and 7 and 10, 20, and
50 were assigned to the “food” and “limit” parameters, respectively. The obtained results
are shown in Table 6.

Table 6. Results obtained for parameter analysis of CEC01.

Food Limit Best Worst Mean SD

3 10 9.73 × 1010 1.17 × 1012 7.91 × 1011 3.34 × 1010

20 3.04 × 1010 4.89 × 1011 9.07 × 1010 1.01 × 109

50 2.41 × 1010 4.73 × 1011 7.03 × 1010 1.04 × 109

5 10 1.40 × 1010 2.22 × 1011 8.21 × 1010 3.81 × 109

20 2.17 × 109 5.74 × 1010 6.63 × 109 7.48 × 108

50 2.21 × 109 5.05 × 1010 7.87 × 109 8.03 × 108

7 10 5.11 × 109 1.01 × 1010 9.19 × 109 1.00 × 109

20 2.46 × 109 7.47 × 109 4.12 × 109 4.11 × 109

50 2.19 × 109 8.02 × 109 5.01 × 109 6.97 × 109

When the results in Table 6 are examined, it is observed that the aABC algorithm
produces better results with the parameter values of food = 5 and limit = 20 compared to
other parameter combinations.

3.2.1. Solution Vector

Since the fuzzy rules in the FL part of the method are fixed, only the optimal parameters
for the membership functions are searched on the metaheuristic part. The previous section
discussed the fuzzy model with trimf, gaussmf, and gauss2mf MF types, which were designed
and tested in the preliminary study. From Table 2, which provides the details of the selected
MF types, it is evident that each MF type has a different number of parameters. Therefore,
solution vectors of various lengths were designed for each fuzzy model in the experiments.
Figure 10 explains the vector designed for the fuzzy model with gaussmf membership
functions in the aABC algorithm.
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As explained in the previous sub-section, there are five variables in the fuzzy model of
the system, two inputs and three outputs, and each variable has seven MFs. Therefore, the
length of any solution vector to be generated on the aABC side of the system is “5*7*MF
parameter”. In this context, vectors with 70, 105, and 140 items were designed for fuzzy
models with gaussmf, trimf, and gauss2mf types of MFs, respectively. Figure 8 shows the
solution vector structure used in the design of the fuzzy model with gaussmf -type MFs.

3.2.2. Objective Function for the Offline Design

In the preliminary study, approximately 500 experimental results obtained with differ-
ent PID parameters were saved. From these experiments, 200 solutions that achieved the
shortest settling time with minimum error were selected. The training set (T) contained
75 samples representing the 200 selected solutions.

The results obtained by the designed fuzzy model for the PID parameters were compared
with the targets in the training set (T), and the error was calculated for each sample. The total
error (E), which represents the objective function, was calculated using Equation (5).

E =
1
2

75

∑
i=1

(y1 − Ti,3)
2 + (y2 − Ti,4)

2 + (y3 − Ti,5)
2 (5)

Note that the first and second columns in the training set are the error (e) and change in
error (ce), respectively.

3.2.3. Parameter Settings for the Offline Design

The aABC algorithm was executed 30 times independently for each version of the
fuzzy model with different MF types using the parameters in Table 7.

Table 7. Parameter setting of aABC for the offline design of fuzzy-PID.

Name Value

food 10
limit 100

In each experiment, the maximum number of cycles was set to 500. The minimum,
maximum, mean, and standard deviation results of the errors obtained in 30 trials were
recorded for each fuzzy model.

3.3. Experiments for the Offline Design

The proposed method was tested to design the optimal fuzzy-PID model according
to the prepared dataset. In each experiment, the maximum number of cycles was set to
500, and the minimum, maximum, mean, and standard deviation results of the errors obtained
in 30 trials for each fuzzy model were recorded accordingly. The results are presented in
Table 4. Since the system was designed according to the values normalized in the range of
[0, 1], the results in Table 8 represent the scaled values of the errors within that range.
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Table 8. Results for the offline experiments.

Min Max Mean SD

trimf 0.0471 0.0516 0.0486 0.0019
gaussmf 0.0452 0.0473 0.0465 0.0006
gauss2mf 0.0464 0.0523 0.0484 0.0022

When the results in Table 5 are evaluated, it can be seen that the most successful results
from the perspective of min, max, mean, and SD are obtained when the fuzzy model has
gaussmf -type MFs. Since the gaussmf MF has fewer parameters than the others, it is easier
to optimize the fuzzy model with this type of MF. In contrast, trimf has sharper curves
than the other types. The solution space of a problem consisting of double solutions in
the range of [0, 1] can be considered to have a smooth transition surface. gauss2mf is more
advantageous than the gaussmf function in terms of optimization. Therefore, the aABC
model with a larger population is thought to produce better solutions for gauss2mf -type
MFs by executing more cycles. However, in an online optimization, the goal is to obtain
better solutions in a shorter time, typically with a smaller population. Preliminary studies
show that more successful solutions can be obtained with gaussmf. As a result, the fuzzy
model with gaussmf -type MFs is preferred in online optimization.

3.4. Online Model of aABC-FL

Offline experiments conducted in the preliminary phase of this study provided valu-
able insights into the performance of the proposed fuzzy model and the aABC algorithm.
The online model of the method was designed based on these findings. In this context, the
online objective function for the aABC algorithm was defined, and the parameter design
was determined to obtain results in a shorter time.

3.4.1. Online Objective Function for aABC-FL

In this study, the integral of the absolute value of error (IAE) technique, which consid-
ers recent errors, was selected as the online performance criterion for the aABC [57]. The
IAE technique, which can equally weight recent errors and transient response, is widely
preferred in the design of fuzzy systems with metaheuristic methods. If the IAE value
calculated using Equation (5) for the solution vector is better than the previous IAE value,
the fuzzy model is redesigned according to this vector.

IAE =

t∫
0

|u − u(t)|dt =
t∫

0

|e(t)|dt (6)

Here, U is the desired voltage, and u(t) is the actual voltage produced by the sys-
tem. Therefore, in the online process, the function value of the solution i (f (Xi)) used in
Equation (1) is the IAE value calculated with Equation (6).

3.4.2. Parameter Settings for the Online Design of aABC-FL

In the designed system, the response time from the PLC is slightly over 100 millisec-
onds. Therefore, the total time for solution generation by aABC and the redesign time
of the fuzzy model should be completed in less than 100 milliseconds for each sample.
Considering these criteria, the online parameter design for aABC is provided in Table 9.

Table 9. Parameter setting of aABC for the online design of fuzzy-PID.

Name Value

food 5
limit 20
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4. Experiment Results and Discussions
4.1. Experiment Results

Numerous experiments have been conducted on the MHPP, which was installed as an
experimental setup, and the obtained results have been logged and converted into graphs.
The graphs were obtained for both cases: when SG1 operates alone and when all three SGs
operate together in synchronization. This section presents the results of the experiments
involving sudden and large load fluctuations (with loads of 50%, 75%, and 100% of the
nominal power of the SG) that significantly change the terminal voltages of the SGs, instead
of small-power load fluctuations that have a very small effect on the terminal voltage
value. In these experiments, the loads were switched on at the t = 0 point and in the pulse
transition form.

The results of the experiments from no load to 500 W load (0–50% loading) and from
500 W load to no load (load shedding) are depicted in Figures 11 and 12, respectively.
In the experiment with conventional PID (PLC-PID), the minimum voltage was 200.2 V
(max undershoot was 19.8 V), and the maximum voltage was 234.3 V (max overshoot was
14.3 V). The voltage reached the set value in 10 and 13 s, respectively, when controlled by
the classical PID controller.
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In the experiment using the aABC-fuzzy-PID, the minimum voltage was 217.2 V (max
undershoot was 2.8 V), and the maximum voltage was 223.2 V (max overshoot was 3.2 V).
The voltage value reached the set value in 2 and 3 s in the loading and load shedding
experiments, respectively.

Figures 13 and 14 illustrate the results of the experiments from no load to a 750 W
load (0–75% loading) and from a 750 W load to no load (load shedding). In the experiment
using conventional PID (PLC-PID), the minimum voltage was 259.7 V (max undershoot
was 60.3 V), and the maximum voltage was 253.5 V (max overshoot was 33.5 V). The
voltage value reached the set value in 14 and 15 s, respectively. In the experiment with the
aABC-fuzzy-PID, the minimum voltage was 213.2 V (max undershoot was 6.8 V), and the
maximum voltage was 230.4 V (max overshoot was 10.4 V). The voltage value reached the
set value in 3 and 4 s in the loading and load shedding experiments, respectively.
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The results of the experiments from no load to a 1000 W load (0–100% loading)
and from a 1000 W load to no load (load shedding) are shown in Figures 15 and 16,
respectively. The minimum voltage in the experiment with conventional PID was 140.6 V
(max undershoot was 79.4 V), and the maximum voltage was 295.5 V (max overshoot was
75.5 V). The voltage value reached the set value in 17 and 18 s. In the experiment using the
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aABC-fuzzy-PID, the minimum voltage was 205.5 V (max undershoot was 14.5 V), and the
maximum voltage was 238 V (max overshoot was 18 V). The voltage value reached the set
value in 4 and 4 s, respectively.

Electronics 2024, 13, 5039 20 of 25 
 

 

 

Figure 15. Loading experiment: 0–1000 W. 

 

Figure 16. Load shedding experiment: 1000–0 W. 

Figures 17 and 18 illustrate the results of the experiments of the synchronized SGs 

from no load to a 2000 W load (0–67% loading) and from a 2000 W load to no load (load 

shedding). Using traditional PID, the minimum and the maximum voltages were 169.6 V 

and 243.6 V (max undershoot and max overshoot were 50.4 V and 23.6 V), respectively. 

The voltage reached the set value in 13 and 14 s. With the aABC-fuzzy-PID, the minimum 

and the maximum voltages were 213.4 V and 227.8 V (max undershoot and max overshoot 

were 6.6 V and 7.8 V), respectively. The voltage reached the set value in 3 and 4 s, respec-

tively. 

Figure 15. Loading experiment: 0–1000 W.

Electronics 2024, 13, 5039 20 of 25 
 

 

 

Figure 15. Loading experiment: 0–1000 W. 

 

Figure 16. Load shedding experiment: 1000–0 W. 

Figures 17 and 18 illustrate the results of the experiments of the synchronized SGs 

from no load to a 2000 W load (0–67% loading) and from a 2000 W load to no load (load 

shedding). Using traditional PID, the minimum and the maximum voltages were 169.6 V 

and 243.6 V (max undershoot and max overshoot were 50.4 V and 23.6 V), respectively. 

The voltage reached the set value in 13 and 14 s. With the aABC-fuzzy-PID, the minimum 

and the maximum voltages were 213.4 V and 227.8 V (max undershoot and max overshoot 

were 6.6 V and 7.8 V), respectively. The voltage reached the set value in 3 and 4 s, respec-

tively. 

Figure 16. Load shedding experiment: 1000–0 W.

Figures 17 and 18 illustrate the results of the experiments of the synchronized SGs
from no load to a 2000 W load (0–67% loading) and from a 2000 W load to no load (load
shedding). Using traditional PID, the minimum and the maximum voltages were 169.6 V
and 243.6 V (max undershoot and max overshoot were 50.4 V and 23.6 V), respectively. The
voltage reached the set value in 13 and 14 s. With the aABC-fuzzy-PID, the minimum and
the maximum voltages were 213.4 V and 227.8 V (max undershoot and max overshoot were
6.6 V and 7.8 V), respectively. The voltage reached the set value in 3 and 4 s, respectively.

The results obtained from the traditional PID and aABC-FL-PID in the experiments
are given in Tables 10 and 11 for loading and load shedding, respectively.
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Table 10. PID and aABC-fuzzy-PID comparison for loading experiments.

Experiment
Settling Time (s) Max Undershoot (V)

PID aABC-FL-PID PID aABC-FL-PID

0–500 W 10 2 19.8 (9%) 2.8 (0.7%)
0–750 W 14 3 60.3 (27.4%) 6.3 (3.1%)
0–1000 W 17 4 79.4 (36.1%) 14.5 (6.6%)
0–2000 W (Synch) 13 3 50.4 (22.9%) 6.6 (3%)

Table 11. PID and aABC-fuzzy-PID comparison for load shedding experiments.

Experiment
Settling Time (s) Max Undershoot (V)

PID aABC-FL-PID PID aABC-FL-PID

0–500 W 10 2 19.8 (9%) 2.8 (0.7%)
0–750 W 14 3 60.3 (27.4%) 6.3 (3.1%)
0–1000 W 17 4 79.4 (36.1%) 14.5 (6.6%)
0–2000 W (Synch) 13 3 50.4 (22.9%) 6.6 (3%)



Electronics 2024, 13, 5039 21 of 24

4.2. Discussions

Loading and unloading (load shedding) tests during the experiments were performed
under challenging conditions, with sudden and large load fluctuations (50%, 75%, and
100% of the system’s nominal power). In real power systems, such sudden load changes
at these levels are observed to be rare. However, under more gradual or smaller load
fluctuations (such as 10% or 20% of the nominal power), in our system, the output voltage
reached the setpoint within 1 s or less.

In addition, according to the IEC 60038 standard, (International Electrotechnical Com-
mission IEC Standard Voltages) voltage fluctuations of ±10% from the nominal voltage are
permissible in power systems. Therefore, voltage values in the range of 198 V to 242 V are
considered acceptable. Considering these values, even in the most challenging experiment
(100% sudden load), the settling time can be considered acceptable if it is less than 3 s.
Even in the 100% sudden load experiment conducted with ABC-fuzzy-PID, the voltage
value was consistently maintained within the acceptable range. The settling times are often
shorter than 1 s. Moreover, the SGs used in the experiments are not commercial generators
but are designed for experimental purposes. It is expected that better results could be
achieved with commercial SGs using the proposed controller.

5. Conclusions and Future Work

In this study, a novel and robust aABC-fuzzy-PID algorithm is proposed for the
PID controller tuning of the AVR system in a micro-hydro power plant installed as an
experimental setup. Unlike most studies in the literature, the implementations were
conducted using real physical equipment. The real-time control and monitoring of the
system were carried out using an S7-1200-type PLC and TIA Portal V17 software. This
study demonstrated that the proposed metaheuristic algorithm can be used effectively with
an industrial and simple controller, such as a PLC. The optimal Kp, Ki, and Kd values for
PID control of the nonlinear AVR system under different load conditions were obtained
adaptively and dynamically. PLC-MATLAB communication was established using the
OPC UA protocol and the KEPServerEX interface. With the proposed aABC-fuzzy-PID, a
significant reduction in settling time and maximum overshoot values were observed when
compared to the classical PLC-PID. These results were presented in Figures 11–18 and
Tables 10 and 11. The proposed aABC-fuzzy-PID controller holds theoretical and practical
significance in both industrial and academic implementations.

In future studies, the application of the proposed control strategy to hybrid and large-
scale power plants will be a valuable area of exploration. Event-triggered and predefined-
time control methods can also be integrated into the proposed methods in further research.
Moreover, the results obtained using different metaheuristic algorithms, multi-objective
optimization, and hybrid approaches, like combining MPC or ANN with aABC tuning, will
be discussed in future studies. Furthermore, we plan to obtain the equivalent circuits and
mathematical model of the system and implement new control approaches using mixed
uncertainties or polytopic uncertainty methods [58–60].
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