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Abstract

The presented study is organized to provide details on the design and performance analysis of multi-
objective optimization of LQR controller parameters for an underactuated motion (pendulum type
gantry crane) system. The objective of the optimization is to design an LQR controller to eliminate
pendulum oscillations caused by the motion of the system. In line with this objective, a new multi-
objective function has been designed by considering the important parameters of control responses.
The VPS and BB-BC algorithms have been utilized for the first time in the design and development
of motion control for single pendulum gantry systems and compared with traditional GA and ABC
algorithms. The six different populations or particle size values of GA, ABC, VPS, and BB BC algorithms
were examined over 100 iterations to achieve the most successful optimization results. Furthermore,
the configurations of the GA, ABC, VPS, and BB-BC algorithms yielding the best control performance
were compared amongst themselves and against conventionally designed LOR controllers. Preliminary
design findings indicated the elimination of steady-state error in the pendulum cart system, along
with a considerable improvement of 51.54% in settling time. Additionally, a substantial enhancement
of up to 67.57% was achieved in the settling time of the pendulum angle.
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1 Introduction

In recent times, the motion control of robotics and automation systems has been one of the most
important subjects that many researchers have been working on. The manufacturing process needs
faster motion and more precise motion control for higher efficiency and higher quality production.
The high-speed requirement that we want to achieve is making it difficult to apply precise motion
control due to vibrations occurring. Due to this difficulty, it is necessary to establish an equilibrium
condition to eliminate or at least minimize residual vibrations in addition to maintaining the
speed of movement [1]. Motion control is crucial in crane systems for transporting heavy loads in
industrial, construction, and port sectors. The single-pendulum gantry crane, an example of an
underactuated system, aims to minimize or eliminate load oscillations while positioning the cart.
Traditionally, expert operators manage this task, but the system’s complexity and human errors
can increase oscillations, cause time loss, damage to the load, and various safety issues, thereby
reducing system efficiency [1, 2].

Precision motion control of the gantry system is very difficult due to its underactuated structure.
Therefore, motion control of a single pendulum gantry attracts the attention of researchers and
is generally examined in two groups; one of which is feed-forward (open-loop) controllers such
as input/command shaping [3, 4]. While these control methods are simple structures, they can
be very sensitive to disturbances affecting the system. Another control approach is the method
of feedback (closed-loop) control. Delayed feedback [5], H1 [6], PID [7, 8], adaptive control
[9], sliding mode [10, 11] can be counted as closed-loop control techniques used in the control
of single pendulum gantry systems. Artificial intelligence techniques are also used in order
to produce intelligent solutions to complex control systems, such as single pendulum gantry
systems. Fuzzy logic [12, 13], artificial neural networks [14], genetic algorithms [15] are some of
the techniques that are used in artificial intelligence systems. All control approaches developed
for the single pendulum gantry systems have their own advantages and disadvantages. To be able
to overcome the disadvantages of the motion control and to provide more precise motion control,
hybrid methods are recommended, which are created by combining at least two of the following
techniques: open-loop, closed-loop and intelligent control techniques. Some important hybrid
methods are presented with references [16-22].

Another method used in precision motion control of the gantry systems is the linear quadratic
regulator (LQR) [23-25] technique, which ensures a sturdy control thanks to the state-space
feedback [26]. It is frequently employed in rocket systems [27], car suspension systems [28],
ABS brake systems [29], and flexible structures [23]. LOR is a control method maintained by
determining control state (R) and control weighting (Q) matrices. The designer traditionally
determines these matrices through trial and error, and the designer’s experience is directly linked
to the performance of the design. While determining these matrices, using a traditional approach
may cause a loss of time and does not guarantee the successful control of the design. Recently,
metaheuristic algorithms have been used to overcome these disadvantages.

Metaheuristic Algorithms started to be produced based on the behaviours of living creatures dur-
ing their vital activities such as finding food, shelter, protection and migration [30]. Metaheuristic
algorithms are generally used to get the best result by starting from a certain point and performing
many iterations to best examine the search space [31]. Some of the main advantages are that the
solutions found are provable and solution times are shorter than other methods. Algorithms
such as genetic algorithm [32, 33], artificial bee colony [34, 35], whale optimization algorithm [36],
ant colony algorithm [37], particle swarm optimization [38], bees algorithm [39], are some of the
studies done by making use of metaheuristic algorithms. The studies where LQR parameters are
set with metaheuristic algorithms are presented in references [40].
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This paper presents the design and performance evaluation of both traditional (GA, ABC) and
recently developed (VPS, BB-BC) optimization algorithms for tuning an LQR controller in a single
pendulum gantry system. To demonstrate the effectiveness of the optimization algorithms, an
LQR controller is rst designed using conventional methods and then compared with the results
obtained using the optimization-based approaches. The effectiveness of the proposed multi-
objective cost function and the optimization algorithms is validated through both simulations
and experimental studies. The results show that the steady-state error of the pendulum cart
was eliminated, with a 51.54 % improvement in settling time, and up to a 67.57% enhancement
in the settling time of the pendulum angle. The remainder of the manuscript is structured
as follows: Section 2 outlines the motion equations for the single pendulum gantry system
and details the design methodology of the LQR controller. It also provides comprehensive
insights into various optimization algorithms used for the multi-objective optimization of the LQR
controller parameters. Section 3 presents the simulation and experimental results of the optimized
LQR controllers and compares the performance of the optimization algorithms. Section 4 offers
concluding remarks.

2 Materials and methods

Experimental setup

In this study, a single pendulum gantry system manufactured by Quanser Consulting Inc. has
been used. Figure 1 illustrates the speci cs of the single pendulum gantry system. The system
comprises a cart and a pendulum attached to the cart, permitted to move along a horizontal guide.
The system investigated in this research is a model developed by Quanser. All speci cations of
the components and pertinent details are sourced from the manufacturer's documentation [41].

Figure 1. a) Mechanical model and b) Schematic illustration of the single pendulum gantry system [41]

Modelling of the single pendulum gantry system

The Lagrange method was employed to derive the mathematical model of the experimental
system. The cart is permitted to move within the horizontal plane, while the pendulum oscillates
around the connection point on the cart. The motion equations of the single pendulum gantry
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manipulator system are presented in Eqgs. (1) and (2).

g+ Mp X+ Mplpcos(@)d+ Begc- Mplpsin(a)a® = F, 1)

Mplpcos(a)kc+ J+ Mpls a+ Bya+ Mplpgsin(a) = 0. ()

The variables and their numerical equivalents used in Eqgs. (1) and (2) are: Cart position (Xc,
mm), Pendulum angle ( a, rad), Gravitational constant of Earth ( g, 9.81 m/s?), Pendulum mass
(Mp, 0.230 kg), Pendulum length from the pivot to the center of gravity ( I, 0.3302 m), Lumped
mass of the cart system (&g, 1.07313 kg), Pendulum moment of inertia (J,, 7.89 10 3 kg m?),
Equivalent viscous damping coef cient ( Beg, 5.4 N m s/rad), Viscous damping coef cient as seen
at the pendulum axis ( Bp, 0.0024 N m s/rad), and Driving force ( F).

State-space model of the single pendulum gantry system

The state-space representation of the single pendulum gantry system, including the actuator
dynamics, is presented in Eg. (3). The derivation of the state-space model begins with the
nonlinear equations of motion obtained using the Euler-Lagrange method. These equations are
given in Egs. (1) and (2).

X = Ax+ By,
_ 3)
y = Cx+ Du.
The state vector is given by X = X a X; a T, which includes the cart position ( X¢), the

pendulum angle ( a), and their derivatives. The control input, u, corresponds to the voltage applied

to the DC motor. The measured outputs are represented by y = Xx. a T The system matrices A,
B, C, and D are derived from the linearized equations of motion. The dimensions of these matrices
are de ned as follows: A is the state matrix with dimensions n n, B is the input matrix with
dimensions n  m, Cis the output matrix with dimensions p n, and D is the feedthrough (or
direct transmission) matrix with dimensions p m. Here, n denotes the number of state variables,
m the number of inputs, and p the number of outputs.

The nonlinear equations of motion are linearized around the equilibrium point  (xc = 0,a =
0,xc = 0,a = 0) using Newton's linearization technique. The resulting linear state-space model
is obtained by substituting these linearized equations into the standard form. The state-space
representation of the experimental system, including the actuator dynamics, is presented in Eq.
(4). The system matrices are given as:

2 2
« 0 0 1 o 2 3 0
a 0 0 0 a 0
gxé - 80 Mf’rlp G MJflz)Beq p'po Xcé + Jp+J'\T"p|% u. 4)
a 0 (&gt Mp)Mplpg MplpBeg (&gt Bp)Bp a _ Mp|p
Jr Jr

Where;

I= (Bt Mp)(dH+ Mpld)- (Mplp)® = kgh+ Mpdh+ kMplj. 5)
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The equations of motion of the experimental system have been utilized to apply the optimized
LQR controller. For detailed derivations of the equations and parameter values, please refer to the
Quanser Lab Guide [41].

Design of the linear quadratic regulator (LQR) controller

Linear Quadratic Regulator (LQR) is a well-known optimal and state-space feedback control
technique preferred for various control problems. LQR control technique utilizations performance

index and state matrices in order to adjust the control signal. Determining weight matrices, which

are Q and R constitutes the most important part of the performance of the LQR. The quadratic
cost function is presented in Eq. (6).

Z

1
=3 x"Qx+ u'Ru dt, (6)
0

where x denotes the state vector andu denotes the control vector. A, B, and C represent matrices
of the dynamic system. The superscript T points out a matrix transpose. LQR is a state feedback
controller, u = K(reference x), to stabilize the system and minimize the cost function J. The
LQR gain vector K can be described as;

K= R !BTP, (7)

where R represents a positive de nite symmetric constant matrix which is derived from the Riccati
notation:

PA+ ATP+ Q- PBR !B"P= 0, (8)

where Q and R are diagonal matrices used for calculating the system input when designing
the LQR controller, in order to reduce the quadratic cost function J. The traditional method for
determining the weight matrices for the LQR technique relies on trial and error, with success
largely depending on the designer's experience. Furthermore, this approach is time-consuming
and unreliable for achieving the optimal solution.

Multi-objective optimization of the LQR controller

This section describes the details of the design and optimization for an LQR controller using four
different metaheuristic optimization algorithms. In addition, to compare the performance of these
algorithms, the Q and R matrices were determined by the designer, and the K controller gain
was calculated. GA, ABC, VPS, and BB-BC algorithms are used in order to optimize weighting
matrices of LQR and improve control performance. The main control aim is to move the servo
motor as soon as possible while ensuring that the minimum pendulum oscillation. Figure 2 shows

a general block diagram for optimal tuning of LQR control.

An objective function is required to tune the weight matrices, as can be seen in Figure 2. While
designing the objective function, the critical parameters of the cart's and the pendulum’s unit
step response were used by weighting. The response of a second-order system to a unit step
input is presented in Figure 3. To achieve the control aim, the objective function is formulated
as shown in Eg. (9) to minimize peak time (tp), rise time (t;), settling time (ts), steady-state error
(s9, overshoot (sp) and the maximum peak, derived from the system's time response. In addition,
the cart position of the single pendulum gantry system is denoted as (Xc), the pendulum angle is
denoted as (a), norm is the angle of the matrix norm, and ref is the reference. Since the designed
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Figure 2. Block diagram for optimal tuning of LQR control parameters

multi-objective function incorporates several parameters derived from the time response of the
system, it was formulated by considering the control objectives and reviewing multiple relevant

studies [18-40].

Figure 3. Step response for 2nd order system

um = K.t &
. = 0.75 tr(Xc) + 0.56 ts(Xc) + 0.4 tp(Xc)
+ 29.7 jmax Spj(Xc) + 1000 jmaxss- refj(xc), (9)

J = 0.1 norm(a)+ 0.46 ts(a)+ 5.1 tp(a)
+ 31.8 jmaxspj(a) + 1000 jmaxss- refj(a).

To demonstrate the effectiveness of the multi-objective function and compare optimization algo-
rithms with traditional methods, relevant literature studies were reviewed. Traditionally, weight
matrices have been computed. TheK vector obtained using these matrices is illustrated in Eqs.
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(10) and (11).

2100 0 0 0
80 50 0 oé _
Q-g o 0 10 o5 R=[0.1], (10)
0 0 0 10
K =[31.6228 - 48.9727 15.2214 - 2.9394. (11)

Genetic algorithm (GA)

The genetic algorithm is a search and optimization technique based on natural selection principles
proposed by John Holland in 1970 [42]. It works well in dif cult, complex and discontinuous
problems, and in systems that require sensitive control and where there are many disruptors.
It works solely depending on the purpose function without the need for information about
the system to be optimized. The search is made only in a certain solution space, and fast and
effective results are obtained. The algorithm starts with randomly generated chromosomes and a
population is created. New population is produced by using the previous population. The newly
created population is evaluated based on the purpose function and natural selection is shaped
according to this evaluation. After the selection, crossing and mutation processes are applied. The
crossing process allows small parts to change in the mutation chromosomes while creating a new
population with the selected chromosomes. Chromosomes with new gene sequencing are used to
create a new population. As the new population will be created with more suitable chromosomes,
each new generation is expected to be better than the previous population. This process is
continued until the termination criteria and the number of iterations is reached. Population size,
crossing and mutation rates directly affect the performance of the algorithm [ 42]. The owchart of
the GA used is given in Figure 4.

Figure 4. Flowchart of the GA

Arti cial bee colony (ABC)

The arti cial bee colony is an algorithm designed by Karaboga in 2005, inspired by bee's nutritional
behaviours in nature [ 43]. This algorithm consists of 3 types of bee species. The rst group is
employed bees carrying nectar from the known source. These bees inform other bees about the
location of the nectar by dancing. The second type of bee is the onlooker bees, which head towards
the nectar thanks to the information brought by the employed bees. Half of the colony is made up
of employed and the other half is the onlooker bees. When the nectar is used up, both of these
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groups turn into scout bees and thereby form the third group. This group, on the other hand, seeks
nectar by randomly wandering around the hive without any speci c information. The sources
that bees go to search for food represent possible solutions to the problem to be solved in the
algorithm, and the amount of nectar in the sources refers to the objective function. ABC algorithm
tries to nd the source with the most nutrients and to nd the solution that gives the minimum or
maximum of the problem among the solutions in the search space [ 43]. The owchart of the ABC
used is given in Figure 5.

Figure 5. Flowchart of the ABC

Vibrating particles system (VPS)

Vibrating Particles System (VPS) is a new metaheuristic search algorithm that has been proposed
by Kaveh and Ghazaan in 2017. VPS algorithm is mainly based on the free vibration of a damped,
single-degree-of-freedom system [44]. The algorithm starts with random initial solutions and
examines them as free vibration of a damped, single-degree-of-freedom system. Under-damped
conditions taking into account, free vibrating systems or vibrating particles swing and return

to the equilibrium position with a certain formulation expressed with the help of differential
equations. By taking a combination of randomness and exploitation of the results achieved,
VPS recursively evolves the grade of the particles to bring them to the stability position as the
optimization procedure continues. VPS algorithm considers the stability position of each particle,
consisting of three parts, the best position achieved in the whole population (HP), a good particle
(GP), and a bad particle (BP). The essence of the vibrating particle system algorithm stands on three
essential concepts such as self-adaptation, cooperation, and competition. Detailed information on
the utilized algorithm can be found in reference [ 44]. The owchart of the VPSA used is given in
Figure 6.

Big bang-big crunch (BB-BC)

Big Bang-Big Crunch Algorithm was created by Erol and Eksin in 2006, inspired by the process
assumed to have occurred during the formation of the universe [ 45]. The algorithm consists of
2 basic phases. The rst of these is the randomly generated Big Bang phase, of the damping of
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Figure 6. Flowchart of the VPS

energy released as a result of the explosion. In the second stage, the centre of gravity is calculated
by combining randomly dispersed particles that appeared as a result of the explosion called Big
Crunch. New eruptions then continue to calculate new centres of gravity until the algorithm
reaches the termination criteria. If the centre of gravity does not change, the last calculated centre
of gravity is considered the best solution. Detailed information on the utilized algorithm can be
found in reference [45]. The owchart of the BB-BC used is given in Figure 7.

Figure 7. Flowchart of the BB-BC

3 The research ndings and discussion

This section evaluates the control performance of various metaheuristic optimization algorithms
for the LQR controller design. Both numerical simulations and experimental studies were con-
ducted to assess the ef cacy of these approaches. Simulations and design studies were performed
on a computer equipped with an Intel Core i5 CPU at 2.2 GHz and 4 GB of RAM.

Table 1 presents the effect of the change of crossover fraction rate, and initial conditions of the
vibration constant parameters on the objective function for GA, VPS, ABC, and BB-BC algorithms,
respectively. A denotes the number of trials for abandonment parameters for the ABC algorithm.

Alpha denotes the parameter of the weighted average of the particle positions for the BB-BC
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Table 1. Numerical Values for the GA, VPS, ABC, and BB-BC Algorithms

PPS GA-Crossover Fraction Rate
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

10 19.020 16.900 19.165 16.1¢ 16.221 16.923 16.164 16.346 16.774
20 15.938 16.287 16.271 16.1z 15.904 16.207 15.995 15.996 16.136
30 16.283 15.995 16.209 15.6¢ 15.632 16.102 15.997 15.608 16.062
40 16.395 16.125 15.620 15.77 15.605 16.058 15.777 16.044 15.781
50 16.339 15.765 15.932 15.77 15.617 15.608 15.783 16.039 15.606
60 16.197 15.797 15.637 15.6C 15.778 15.605 15.611 15.607 15.607

PPS VPS-Initial Conditions of the Vibration Constant
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

10 15.981 15.798 15.795 16.053 16.064 15.984 15.574 15.855 15.570
20 15,576 15.572 15571 15.580 15.783 15.612 15.584 15.650 15.584
30 15.743 15.792 15579 15,589 15.589 15.595 15.583 15.599 15.586
40 15.578 15.577 15578 15.582 15.581 15.642 15.585 15.580 15.581
50 15.735 15.748 15596 15.588 15.576 15.587 15.625 15.736 15.669
60 15.577 15.579 15.724 15.579 15.595 15.594 15.580 15.577 15.578

PPS ABC-Maodi cation Rate
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

10 16.000 16.056 16.032 16.282 16.242 16.258 16.233 16.204 16.159
20 15.578 15.646 15.588 15.578 15.573 16.056 15.963 16.032 18.505
30 15.573 15,571 15.620 15.580 15.580 16.025 15.977 15.697 16.074
40 15.967 15,573 15.571 15,574 15,578 15,567 15579 15581 15.628
50 15,575 15,575 15568 15.572 15.594 15982 15.972 15.609 15.989
60 15.577 15.97C 15574 15.568 15.571 15575 15588 15.565 15.583

PPS BB-BC-Beta
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

10 16.236 15.924 16.25( 16.292 17.461 16.345 16.268 17.539 17.981
20 16.241 16.220 16.25' 15.975 16.074 16.069 16.246 16.562 18.650
30 16.178 16.012 16.03: 15.600 16.182 16.100 16.239 16.150 16.212
40 15.615 16.068 16.04. 15586 16.194 15971 16.222 16.167 16.187
50 16.012 15578 1559 16.135 15.583 16.123 16.353 16.182 16.635
60 15.606 15.958 1558 15.983 16.055 15.579 16.074 16.172 16.139

algorithm, while beta determines the contribution of the center of mass and the current best
particle in the big bang phase. In Table 1, PPS and Jsum are the population or particle size and the
minimum value of the multi-objective function de ned in Eq. (9), respectively.

To achieve optimal results, six different PPS values for the GA, ABC, VPS, and BB-BC algorithms
were tested over 100 iterations and applied to the single pendulum gantry manipulator system. In
the GA, elite count and crossover fraction rate are selected as PPS*0.05 and 0.5, respectively. In the
VPS algorithm, wy, wy, and w3 relative importance weights of vibrating particles are selected as 0.3,
0.3, and 0.4, respectively. The descending function constant and initial conditions of the vibration
constant are selected as 0.05 and 0.3, respectively. Furthermore, Table 1 presents the in uence
of the modi cation rate and the number of trials on the abandonment parameter of the ABC
algorithm. The different values for the number of trials for abandonment have been examined
and it is observed the value of 600 results in a better performance. Similarly, the modi cation rate
has been examined across a wide range, and it was observed that a value of 0.3 results in better
performance. In the BB-BC algorithm, the parameter for limiting the size of the initial search space

a and, the parameter for controlling the in uence of the weighted average of the particle positions

b are determined as 0.6 and 0.4, respectively.
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Table 2. Performance Metrics Across Algorithms and PPS Values

PPS  Algorithm gl g2 a3 g4 rl K Jsum  Time [s]
10 GA 99.06 18596 7.85 3.63 0.17 [23.95, -37.80, 10.39,-0.42] 16.22  138.25
ABC 119.01 265.22 3.09 825 2.37 [20.42, -28.20, 7.30, 0.56] 16.03  317.01
VPS 61.57 14505 839 0.07 0.04 [41.23,-61.57,21.86,2.74] 15.80 146.03
BBBC 110.23 22856 6.23 7.70 0.27 [20.62,-37.24,8.81,-1.30] 16.29 147.34
20 GA 7166 233.64 943 043 0.05 [39.14,-69.21, 21.75,2.48]  15.90 249.52
ABC 86.75 281.13 9.69 0.00 0.02  [61.35,-104.30, 35.69,5.97] 15.59  567.47
VPS 66.17 23425 7.11 0.01 0.02 [70.87,-121.31,41.58,7.46 1557 287.36
BBBC 98.22 29744 790 0.83 0.05 [35.31,-61.54,17.99,1.75] 15.98  291.27
30 GA 69.21 21746 8.02 0.00 0.02 [56.55, -94.83,32.48,5.21] 15.63 364.24
ABC 3191 25295 954 3.00 1.04 [58.31,-97.68, 33.21,5.36] 15.62  842.48
VPS 81.33 281.28 829 0.03 0.02 [67.66,-115.35,39.51,6.93 15.58 424.55
BBBC 90.93 26843 895 0.16 0.00 [67.97,-109.74,38.50,6.81] 15.60 426.13
40 GA 7120 22595 7.52 0.00 0.02  [64.54,-108.38,37.35,6.42] 1561 476.81
ABC 34.69 103.98 6.43 3.13 442 [68.99,-117.83,40.40,7.16 1557 1118.5
VPS 90.92 263.08 852 0.01 0.02  [71.46,-117.89,41.19,7.40] 1558 564.09
BBBC 7212 26512 7.71 0.24 0.09 [63.92,-115.34,37.89,6.58] 15.59 562.61
50 GA 98.37 270.76 9.94 0.00 0.02  [64.47,-100.48,35.93,6.12] 15.62 589.20
ABC 268.50 155.05 3.52 0.59 2.85 [67.08,-111.56, 38.76,6.76 15.57  1400.9
VPS 7099 27158 7.13 0.02 0.01  [72.18,-123.50,42.29,7.65] 15.60 701.64
BBBC 126.50 285.82 3.58 3.47 0.44 [19.16,-30.99, 7.17,-0.33] 16.14  703.35
60 GA 73.33 17899 9.78 0.0037 0.0401 [42.76,-63.32,22.69,2.98] 15.78  712.33
ABC 0.80 9393 937 542 0.77 [68.82,-114.32,39.77,7.03 1557 1674.9
VPS 125.39 266.42 9.64 081 0.0443 [50.60,-86.37,28.68,4.25] 15.72  844.75
BBBC 123.36 27229 9.73 0.90 0.24 [24.76, -36.81, 10.56, 0.74] 15.98  833.90

In Table 2, q1, g2, g3, and g4 represent the diagonal elements of the state weighting matrix Q, while
rl represents the scalar value of the control effort weighting matrix R. The table also provides
the optimized values of the weighting matrices of the LQR controller, the obtained minimum
objective function values (Jsum), and computation times for six different PPS of the GA, ABC,
VPS, and BB-BC algorithms. Although the GA reaches the lowest simulation periods in all particle
numbers, the minimum Jsum values fall behind other algorithms. The ABC algorithm is the
algorithm with the longest calculation period for all particle numbers. However, it is observed
that the lowest objective function values in high PPS (40-60 PPS) were obtained with the ABC
algorithm. According to the ndings of the simulation, it is observed that the VPS algorithm
provides a faster convergence rate and lower objective function value than GA, ABC and BB-BC
algorithms, especially in low population or particle sizes. On the other hand, even though the
durations of the VPS and BB-BC algorithms are very close to each other, they are ranked between
GA and ABC algorithms. When the algorithms used in the study are evaluated separately, it is
seen that they reach the minimum objective function values as follows: GA 40 PPS, ABC 50 PPS,
VPS 20 PPS, and BB-BC 40 PPS.

The simulation ndings for the optimized LQR controller with GA, ABC, VPS, and BB-BC algo-
rithms, using different population or particle size values, and the non-optimized LQR controller
are shown in Figure 8 and Figure 9. Since the objective function chosen contains several parame-
ters derived from the system's time response, a more precise decision on the control target is of
paramount importance to determine the most successful algorithm. Figure 8 presents the simula-
tion results of the cart positions for a single pendulum gantry system with both the non-optimized
LQR controller and the optimized LQR controller using GA, ABC, VPS, and BB-BC algorithms.
When examining all values of PPS (population or particle size), the non-optimized LQR controller
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