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Abstract

The automotive suspension must perform competently to support comfort and safety
when driving. Traditionally, car suspension control tuning is performed through trial and
error or with classical techniques that cannot guarantee optimal performance under var-
ying road conditions. The study aims at designing a Linear Quadratic Regulator-based
Bacterial Memetic Algorithm (LQR-BMA) for suspension systems of automobiles. BMA
combines the bacterial foraging optimization algorithm (BFOA) and the memetic algo-
rithm (MA) to enhance the effectiveness of its search process. An LQR control system ad-
justs the suspension’s behavior by determining the optimal feedback gains using BMA.
The control objective is to significantly reduce the random vibration and oscillation of
both the vehicle and the suspension system while driving, thereby making the ride
smoother and enhancing road handling. The BMA adopts control parameters that support
biological attraction, reproduction, and elimination-dispersal processes to accelerate the
search and enhance the program’s stability. By using an algorithm, it explores several
parts of space and improves its value to determine the optimal setting for the control
gains. MATLAB 2024b software is used to run simulations with a randomly generated
road profile that has a power spectral density (PSD) value obtained using the Fast Fourier
Transform (FFT) method. The results of the LQR-BMA are compared with those of the
optimized LQR based on the genetic algorithm (LQR-GA) and the Virus Evolutionary
Genetic Algorithm (LQR-VEGA) to substantiate the potency of the proposed model. The
outcomes reveal that the LQR-BMA effectuates efficient and highly stable control system
performance compared to the LQR-GA and LQR-VEGA methods. From the results, the
BMA-optimized model achieves reductions of 77.78%, 60.96%, 70.37%, and 73.81% in the
sprung mass displacement, unsprung mass displacement, sprung mass velocity, and un-
sprung mass velocity responses, respectively, compared to the GA-optimized model.
Moreover, the BMA-optimized model achieved a -59.57%, 38.76%, 94.67%, and 95.49%
reduction in the sprung mass displacement, unsprung mass displacement, sprung mass
velocity, and unsprung mass velocity responses, respectively, compared to the VEGA-
optimized model.
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1. Introduction

With effective suspension, the driver experiences comfort, enhanced vehicle stability,
and improved control. Its primary purpose is to keep the car body and all its wheels stable
and steady in uneven road conditions and establish very close contact between the vehicle
and the road. With most passive systems, the set spring and damper rates can make it
difficult to trade off a comfortable ride for good handling. The optimal usefulness of sys-
tems like active and semi-active suspension is their ability to react instantly to uneven
roads and unstable driving conditions. Such a system has been improved using control
strategies such as full-state feedback control. Using optimal control settings, full-state
feedback control, or an LQR controller enables direct control over the vertical oscillations
and vertical velocity of the vehicle body and the suspension system. LQR is a linear con-
trol strategy [1], which requires a precise model of the system, and there is difficulty in
tuning its weighting matrices [2]. Thus, its performance needs to be enhanced to achieve
an optimal solution. Choosing the right feedback gains can be daunting due to the non-
linearity nature of vehicle and road dynamics. This research proposes the Bacterial Me-
metic Algorithm (BMA) to find the best solution for the full-state feedback control system
of a quarter-car suspension. BMA is an algorithm that combines the global search strategy
of the Bacterial Foraging Optimization Algorithm (BFOA) with the local search ability
provided by the Memetic Algorithms (MA). The method ensures that the solution space
is checked in detail as efforts are made to fine-tune the control parameters. The study’s
goal is to minimize the shifting and bouncing of the sprung mass, thereby making the car
ride more comfortable and steering better on the road. To confirm that the BMA-opti-
mized LQR controller performs better, its performance will be compared with that of the
GA-optimized and VEGA-optimized LQR controllers.

Recent research studies have proposed different and various vehicle suspensions and
optimization techniques to enhance suspension stability, passenger comfort, and improve
road handling. For instance, in [3] various types of vehicle suspension systems were re-
viewed, including passive, semi-active, active, hydraulic, pneumatic, and electromagnetic
active suspension systems. The study concluded by postulating electromagnetic suspen-
sion as a future trend that could be implemented in vehicle suspension designs due to its
efficiency, improved ride quality, and simplified structural design. Abdolvahab et al. [4]
employed a quarter-car model and derived a mathematical model for passive and active
suspension systems. An LQR controller was implemented in the design, and comparisons
were made for the passive and active suspension systems. The results revealed the opti-
mum functionality of the LQR controller, ensuring minimal suspension displacement and
vibration isolation across various road profiles. Li et al. [5] designed a 7-DOF suspension
model and a road preview-based Explicit Model Predictive Control (EMPC) for magne-
torheological semi-active suspensions in all-terrain vehicles. Under both preview and
non-preview states, comparative analyses with Skyhook controllers validate that EMPC
provides notable improvements in road holding and vehicle stability, reinforcing the su-
periority of EMPC damping effects. Ro et al. studied the application of fuzzy logic control
on an active suspension system [6]. A quarter car was modeled mathematically using
Newton equations, with the vehicle’s displacement, velocity, and acceleration tested to
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prove the effectiveness of the fuzzy algorithm implemented. Nitish and Sanjay [7] pro-
posed a GA-PID optimized controller for a quarter-car suspension model. The research
work focused on integrating the suspension system’s efficiency and highlighted the co-
gency of GAs to enhance traditional suspension systems. The proposed model demon-
strated better performance compared to the traditional PID controller. Amit et al. [8] con-
ducted a study on three controller variants (fuzzy logic, PID, and GA-PID genetic algo-
rithm) for active suspension systems and had a comparative analysis among them. The
fuzzy and GA PID controllers indicated higher-level performance compared to the PID
controller, exhibiting commendable improvements in reducing vertical oscillations and
vibrations. Moreover, Abroon et al. [9] proposed a fuzzy logic controller for semi-active
suspension systems optimized using the Particle Swarm Optimization (PSO) algorithm.
On one hand, the controller demonstrated good performance, while on the other hand, its
practicality was compromised by constraints associated with the mathematical model as
well as the nonlinear characteristic of the system. Ahmed et al. [10] designed a PID con-
troller for a passive suspension system. Although the controller performed well for pas-
sive suspension systems under various input conditions, further tuning is still necessary
to achieve optimal results. Du and Zhang conducted a thorough study on a fuzzy state
feedback control strategy for electrohydraulic active suspensions, addressing nonlinear
actuator dynamics, sprung mass variation, and control input constraints [11]. Rashid et al.
studied PID, fuzzy logic, and hybrid controllers for controlling vehicle suspension vibra-
tions. The quarter-car mathematical model used was derived using Newton’s laws of mo-
tion [12]. Biglarbegian et al. studied a neuro-fuzzy control strategy for a quarter car with
a semi-active suspension system [13]. Fuzzy state feedback was also implemented to in-
crease the system’s performance. Furthermore, Diao et al. [14] proposed a custom hierar-
chical control strategy to manage parameter uncertainties and external disturbances in the
electro-hydraulic control active suspension systems. An advanced constraint-adaptive
backstepping controller was employed for synthesizing the target force in body vertical
motion tracking. From the simulation results, a significant decrease in the sprung mass
acceleration resulting from rough road profiles was achieved, with improved ride comfort
accentuated. In [15], an adaptive finite-time fuzzy control strategy was proposed to en-
hance the adaptive capability of active suspension systems under complex and nonlinear
road conditions. Y. Shen et al. presented an optimal design of a vehicle inerter-spring-
damper (ISD) suspension based on the fractional-order skyhook-groundhook hybrid (SH-
GH) control principle [16]. In [17], the constrained Hee optimal control problem associated
with nonlinear active suspensions was addressed by utilizing the data-driven reinforce-
ment learning algorithm.

In the case of the BMA, its applications have extended across a wide range of optimi-
zation problems. For instance, in [18], the BMA was employed for offline path planning
of mobile robots. The algorithm was implemented to discover the shortest and crash-free
route for mobile robots. Two different robots—an omnidirectional and a Bioloid mobile
robot—were investigated with the algorithm to test its effectiveness. Due to the promising
accuracy of the BMA, it has been adopted as a selection tool for the surface electromyog-
raphy (SEMG)-based hand recognition problem [19]. The research utilized SEMG signals
to test and analyze the feasibility of the proposed algorithm. The Colonial Bacterial Me-
metic Algorithm was applied to [20] a dart-playing robot [21], demonstrated a 100% suc-
cess rate in real-world robotic applications, and outperformed other methods when com-
parisons were made. The research extensively demonstrated the constructiveness of the
model through a real-life example, while achieving reliable and consistent results. Fur-
thermore, the BMA was also applied to the asymmetric capacitated vehicle routing prob-
lem [22]. In the research work, a comparative analysis was conducted between the BMA
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and other heuristic methods. From the results presented, the proposed algorithm demon-
strated better performance than its counterparts on all data levels, with at least 30% im-
provement. The BMA was also adopted as a search method in a trained fuzzy system-
based model of single-weld bead geometry [20]. Precise models were developed to ex-
press the weld bead geometry (WBG) in terms of welding process variables (WPVs). On
the other hand, the BMA has failed to achieve better results compared to the GA when it
was implemented on the Storage Location Assignment Problem (SLAP) [20], although the
unsatisfactory results were attributed to parameter settings. The results were unable to
prove the superiority of the BMA over the GA concerning the SLAP, despite previous
works revealing the opposite in other problem domains [22].

In this article, the optimal design of an LQR controller for a quarter-car suspension
system based on the BMA is proposed. BMA is a modern search technique that has
emerged recently [23]. The method interpolates bacterial mutation and gene transfer op-
erations using the Levenberg-Marquardt Algorithm (LMA)—a technique employed to
solve nonlinear least squares minimization problems—to achieve accurate and optimal
solutions to optimization problems. This coalescence of evolutionary and gradient-based
(global and local search) algorithms is successfully employed in global optimization ap-
proaches, particularly for optimizing parameter values and enhancing function approxi-
mation performance [24]. The fundamental part of the BMA with Modified Operator Ex-
ecution Order contains the bacterium that transfers a replica of a gene from a host cell to
an infected cell. The algorithm consists of the following steps: initialization, local search,
gene transfer, and bacterial mutation operations on each individual, including some LMA
operations [25]. This study analyzed the vertical displacements and velocities of the vehi-
cle body and the suspension under an uneven road profile. The results of the BMA-LQR
model were compared with those of two other built models—the GA-LQR and the VEGA-
LOR models—to assess the effectiveness and robustness of the proposed model. The pri-
mary contribution of this paper can be summarized as follows:

1.  This paper proposes an LQR-BMA control technique that significantly minimizes the
vertical displacement and velocity of the vehicle body and suspension, thereby en-
hancing the ride comfort and stability of the vehicle.

2. This article presents a comprehensive and comparative study of the proposed model
alongside other heuristic methods, offering insights into the role of evolutionary al-
gorithms in enhancing the performance of car suspension systems.

3. This research demonstrates that LQR-BMA is a reliable, robust control strategy suit-
able for vehicle suspension systems.

The other sections of this study are organized as follows: Section 2 presents the math-
ematical model of the quarter-car suspension system, the optimization algorithms imple-
mented, and the LOR controller. Section 3 highlights the simulation results obtained from
the three models, i.e., BMA-LQR, GA-LQR, and VEGA-LQR. In Section 4, the results were
discussed extensively and comparatively. Section 5 concludes the study.

2. Materials and Methods
2.1. Mathematical Modeling

In this paper, a model of a two-spring, two-mass suspension is adopted. The mathe-
matical equations were derived using Newton’s second law of motion. The MATLAB en-
vironment was utilized for the simulation and analysis of the designed model. The state-
space approach, due to its simplicity, is considered a tool for analyzing the dynamics of
the overall system. Table 1 contains the data parameters of the designed model.

Figure 1 illustrates the prototype of a quarter-car active suspension system. In the
model, me [Kg] and mx [Kg] represent the sprung and unsprung masses, respectively; ye
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[m] and y«x [m] are the displacements of the corresponding masses; u [m] is the road dis-
placement; k- [N/m] and K« [N/m] are the spring constants of the suspension springs of
the vehicle body and the tire; br [N.s/m] is the damper coefficient, and Fa (t) [N] denotes
the actuating force controlled by the algorithm-based (i.e., BMA_LQR, GA_LQR, and
VEGA_LQR) controllers.

Sensor

Controller
Kr

Sensor
l u(t)

Figure 1. Model of a quarter-car active suspension adapted from [26].

2.1.1. Equations of Motion

The dynamic mathematical equations of the quarter car suspension system (i.e.,
Equations (1)—(10)) are hereby deduced according to Newton’s law of motion as expressed
in [27].

m.y.(t) = Fk, + Fb. + F,(0). 1)

my ¥, () = Fky — Fk, — Fb. — F,(0). ()

Equations (1) and (2) represent the equations of motion for the sprung and unsprung
masses, respectively. Where Fky, Fk,, and Fb, represent the dynamic forces of the sus-
pension spring, vehicle body spring, and damper, respectively. The following Equations
(3)—(6) are derived by further simplifying the Equations:

me yc(t) = kr(yk(t) - YC(t)) + br(Yk(t) - YC(t)) + Fa(t)r (3)

My () = ke(u® — ye®) = k(e ® — y.©) — b (O — y.(0) —E, (), (@)

ye(®) = r,:l_rc(y’f(t) - ¥ () + ,Z_rc()"k(t) - 7:(0)) + E:n—(:), (5)
k e b, . . F,
() = m_i(u(t) - y(@®) - m_k(yk(t) - y(®) - Ty () — y.(®) — rrf,f) (6)

where y, is the sprung mass velocity; y; is the unsprung mass velocity j, is the sprung
mass acceleration, ¥, is the unsprung mass acceleration.

In the state space representation, the state variables— X1, X2, X3, and Xs—are used. X1
=Y. — ¥ Iisthe suspension displacement; X2= y.; X3=u - y, is the tire displacement; X4
=Y, Z=1.

Therefore, the state and output vectors are stated as follows:
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ky
my

X
. X1 y{:
X = XZ = Ye =Y | 7)
X3 kk(u - yk)
4

2.1.2. The State Space Equations Have the General Form

X = AX(t) + BF(t) + HZ(Y), 8)
Y = CX(t) + DF(t), )
where
-1 0 .
br N 8 =20 0 0 .
me _ me _ C _ C _ —
-1 ,B— 0 ,H— l,C— 1 0 0 O,D— 0 ,Z—u,F—Fa. (10)
_ b _L 0 0 0 k, O 0
my mp

Table 1. Model parameters of the quarter car suspension system [28].

Parameters Mean Value Deviation
kr 30.01 x 10® N/m 0 N/m
br 1450 Ns/m -550 + 450 Ns/m
kx 3.4 x 10°N/m +0.3 x 10°N/m
mc 395.3 Kg -42.77 +75.38 Kg
mk 48.3 Kg 0Kg

2.2. Bacterial Memetic Algorithm

Modern optimization algorithms, completely inspired by natural selection, have be-
come the most effective methods for finding optimal and accurate solutions to problems
associated with nonlinear systems, high-dimensional systems, discontinuous systems,
and multimodal systems. One of these optimization techniques is the bacterial evolution-
ary algorithm (BEA). The BEA consists of two bacterial operators—the bacterial mutation
and the gene transfer operation. In the bacterial mutation phase, individuals in the popu-
lation are optimized one by one through the inheritance of the best individuals from the
parent generation by their offspring. During the gene transfer operation, information is
transferred between different individuals. Memetic Algorithms (MAs) are search heuristic
techniques that blend both evolutionary and local search methods to find optimal solu-
tions to optimization problems. The Bacterial Memetic Algorithm (BMA) [23] is a hybrid
optimization method that amalgamates bacterial foraging techniques with MAs. It em-
ploys the bacterial technique instead of the classical genetic algorithm, at the same time
using the Levenberg-Marquardt algorithm (LMA) [29,30] as the local search method. The
BMA is a hybrid optimization technique that combines the bacterial evolutionary algo-
rithm with a local search operation [18]. It is inspired by the natural behavior of bacteria,
particularly their foraging and reproductive processes, while incorporating local search
techniques to refine the solution. Memetic algorithms have been applied in various fields,
ranging from offline path planning of mobile robots [18], fuzzy rule-based optimization
[31], asymmetric capacitated vehicle routing [22], a darts-playing robot [21], surface elec-
tromyography [19], and the Storage Location Assignment Problem (SLAP) [32].

BMA, as a modern evolutionary algorithm [18], incorporates biological attraction into
its local search process [33], in the sense that the natural behavior of a bacterium, which
involves moving towards nutrient-rich areas and transferring and conveying beneficial
traits via chemotaxis, is imitated. In the case of the BMA, biological attraction refers to the
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viability of a candidate solution to move within the search space towards the fittest solu-
tions. This postulation plays a vital role in the optimization process by enhancing and
encouraging the transfer of the fittest gene from parents to offspring, as well as creating a
balance between exploitation and exploration [33].

BMA, as a modern evolutionary algorithm, employs three primary operations during
its optimization process, as shown in Figures 2 and 3: local search, gene transfer, and bac-
terial mutation [25]. The fitness function serves as a gauge for assessing the robustness of
each solution within the context of the optimization problem and thereby refining the so-
lutions within the population.

Evaluation
Initialization i Sorting i
:  Statistics ‘,
Local
search
Bacterial
Mutation l
t Gene

Transfer

Figure 2. Bacterial Memetic Algorithm (BMA) flow chart [22]. In the dotted-lined box, the fitness
function of the optimization problem is used to check the fitness of each solution. The fittest solu-

tions are sorted from the population and used for the next iteration.

2. Generate a

random population

of Chromosomes

3. 7.

) 4. 5. 6.
Fitness Local G Bactrerial Evaluate
evaluati oca ene ac re.na new
search transfer mutation .
on fitness
No Termination criteria.]
Is the maximum

Literationreached? J

Yes

Return the optimal solution
as weighted parameters of
the LQR controller

Suspension Output

system

LQR controller

|| Feedback Il

Figure 3. BMA-LQR tuning process.
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Initially, a population of candidate solutions is generated randomly, with each set of
population in an iteration referred to as a generation. Each candidate is evaluated for fit-
ness in every generation, with the fittest solutions used in the next iteration to form sub-
sequent generations. Thus, better solutions are created in further iterations. The probabil-
ity that an individual is selected for the next iteration is given by the Roulette wheel selec-
tion. With f; as the fitness of individual i, M as the population size, P; as the selection
probability for the candidate solution i, the Roulette wheel selection equation is given in
Equation (11) as expressed in [34]

fi
P, = .
L ¥ I

(11)

During the bacterial mutation, offspring (clones) of each solution are produced. The
clones inherit the genome of their parents [22]. Hence, not only is a large set of candidates
generated, but optimal solutions are also achieved by exploring a broader range of possi-
ble solutions and avoiding premature convergence. To ensure the convergence of the fit-
test solutions produced in the bacterial mutation phase, the Levenberg-Marquardt Algo-
rithm (LMA)—an iterative optimization algorithm for solving nonlinear least squares
problems—is employed to conduct a local search operation [23]. Also, the mutation rate
should be taken into consideration, as a too-high mutation rate can derange effective so-
lutions, while a too-low mutation rate can prevent or reduce the exploration of untapped
areas of the search space. In the gene transfer phase, the parent solutions within the pop-
ulation of every generation transfer genetic behaviors to their offspring. This improves
the overall performance of the algorithm as it focuses its search on regions of solutions
with better fitness. The fitness function serves as a gauge for assessing the robustness of
each bacterium based on the criteria defined in the optimization problem. Table 2 presents
the BMA parameters utilized in the simulation to effectively tune the LQR controller and
achieve optimal weight coefficients for matrices Q and R.

Table 2. BMA simulation parameters.

Simulation Parameter Value
Selection strategy Random
Number of bacteria. 150
Number of generations 50
Number of variables 5
Lower limit (LL) [1x107121x107% 1x107¢ 1x10™* 1 x 1072]
Upper limit (UL) [1x10%% 1x10'21x 1081 x 1061 x 10%]

2.3. Genetic Algorithm (GA)

Genetic algorithms are computational models inspired by natural selection, which
are often employed to obtain optimal solutions to optimization problems. These algo-
rithms represent a latent solution to the defined optimization problem using a simple
chromosome-like data structure and apply recombination operators to these structures to
preserve vital information [35]. Developed by John Holland in the 1970s as a method in-
spired by the principles of natural selection, GA emulates natural evolution and adapta-
tion principles, such as inheritance, mutation, selection, and crossover, to generate solu-
tions to optimization problems, as shown in Figures 4 and 5. GA begins by developing a
population of candidate solutions—often represented as chromosomes in an iterative pro-
cess, with each number of individuals present in a single iteration called a generation.
Based on their fitness, individuals are selected to produce offspring through crossover
and mutation operations, creating a new generation of solutions that ideally inherit bene-
ficial traits from their predecessors. One of the key strengths of GA is its ability to traverse
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a wide search space and avoid or reduce the likelihood of getting trapped in local optima,
allowing it to be applied to problems that are nonlinear, multimodal, or lack gradient in-
formation. GAs are seldom regarded as a function optimizer, although the scope of the
issues to which genetic algorithms have been applied is quite broad [35]. It has been suc-
cessfully applied across various engineering, scientific, and economic fields, including
control system tuning, machine learning, scheduling, and structural design. In energy
management [36], GA was employed as an optimization tool to achieve optimal solar en-
ergy, wind energy, and storage capacity in a hybrid system. In the parameter optimization
of a 7DOF robotic manipulator [22,37], GA was utilized to find the best parameter estimate
for the developed nonlinear model, leading to a high-performance system. Table 3 shows
the GA parameters applied in the simulation to effectively tune the LQR controller and
achieve optimal weight coefficients for matrices Q and R.

[ s ]

Initial population

|
y

Evaluate fitness

l

Select fithess

!

Crossover

l

Mutation

No

Yes

e

Figure 4. Genetic algorithm flowchart [38].
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LQR controller Suspension i
system
|| Feedback ll
Figure 5. GA-LQR tuning process.
Table 3. GA simulation parameters.
Simulation Parameter Value
Selection strategy Random
Population size 150
Number of generations 50
Count of variables 5
Lower limit (LL) [1x107%2 1 x10781x107% 1 x10™* 1x 1072]
Upper limit (UL) [1x10%21x10%1x10%1x10°1 x 10%]

2.4. Virus Evolutionary Genetic Algorithm (VEGA)

The evolutionary theory in biology assumes that the gene of a virus or transposon
from another individual is incorporated into the chromosome of the individual by the
virus and bacteria, and sometimes, this leads to peaceful and rapid horizontal evolution
over a short period [39]. The VEGA draws on principles from the virus theory of evolution
to achieve optimal solutions, particularly in nonlinear systems. The VEGA comprises two
populations: a host population and a virus population [40]. The process adopted by VEGA
in its search for optimal solutions is illustrated in Figure 6. It begins by generating a pop-
ulation of candidate solutions (hosts) and simultaneously initializing a set of viruses.
While each individual represents a potential solution to the optimization problem, each
virus is a solution that attempts to infect and improve host individuals. The fitness func-
tion of the optimization problem evaluates both the hosts and the viruses. Aside from the
natural operations of traditional GAs, which employ selection, crossover, and mutation
as the only genetic operators to advance a population of potential solutions, VEGA inte-
grates the process with a virus-host interaction. During this phase, the hosts are infected
by viruses, which alter their genetic structures and give birth to mutant offspring. The
infected hosts are referred to as clones. Based on the fitness evaluation, the original hosts
are replaced by the clones with better fitness.
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VEGA utilizes infection as a key process in achieving optimal solutions to optimiza-
tion problems without compromising the overall solution quality. By integrating evolu-
tionary algorithms with the virus adaptation method, the chances of getting trapped in
local optima can be minimized. Additionally, VEGA operates effectively with static, dy-
namic, nonlinear, multimodal, and high-dimensional optimization problems. In static and
linear models, changes are repeated in each generation, but in dynamic, nonlinear, and
multimodal system models, both viruses and hosts change together as the search pro-
gresses. Because of this, the algorithm can adjust its search method to suit the specific
needs and conditions of each problem. Table 4 presents the VEGA parameters used in the
simulation to effectively tune the LOR controller and achieve optimal weight coefficients

for matrices Q and R.

2. Generate a
1. Start random population
of Chromosomes

3.
Fitness
evaluati
on

4. Apply 5. Aoppga%z?:"c 6. Virus 7. Immune
selection (croFs)sover and injection response
operation . phase phase

mutation)

8. Evaluate

No Termination criteria.]
Is the maximum

Reference +

new
fitness

L iteration reached? J

Yes

Return the optimal solution
as weighted parameters of
the LQR controller

) Output
LQR controller Suspension i
system
|| Feedback ll
Figure 6. VEGA-LQR tuning process.
Table 4. VEGA simulation parameters.
Simulation Parameter Value
Selection strategy Random
Population size 150
Number of generations 50
Count of variables 5
Lower limit (LL) [1x107%2 1 x107® 1x107°® 1x10™* 1 x 107?]
Upper limit (UL) [1x10%21x10%21x 1081 x 10°1 x 10%]
Mutation rate 0.3

2.5. Linear Quadratic Regulator (LQR)

The LQR is an effective feedback controller employed to regulate the behavior of dy-
namic systems. Optimal control is achieved when the cost function of the dynamic system
is at its minimum. Linear differential equations are used to define the system dynamics
owing to the compatibility of the LOR with Linear Time-Invariant (LTI) systems. This
makes the design of the controller simple, rugged, and easily implemented in a wide range
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of control problems. In the case of a car suspension system, the mathematical model is
given in state-space form, where all state variables are utilized to determine the optimal
feedback gain that minimizes the cost function, thereby stabilizing the state error and re-
ducing the control effort. Figure 7 shows the block diagram of the LQR controller based
on the state-space model. Equations (12)—(24) represent the mathematical derivations of
the feedback gain of the LQR controller as expressed in [27].

Using the output equation stated in Equation (7), the objective function is given as
follows:

J= [ a3c® + 0 — yi)? + qs(e(u®) — y)? + quF,(01dt,  (12)

where g4, q3, g3, and q, correspond to the weight coefficients in the LQR cost function

relating to the extent to which certain control parameters of the system are attenuated.

Regarding the defined state outputs, q1, q,, g3, and q, are set to mitigate body accelera-

tion, body displacement, suspension deflection, and the control variable, respectively.
Rewriting the equation yields

J= []IYTQY + UTRU], (13)

where Q =diag [q; 9, q3, R=[q,] represent the weighted matrices of the LQR controller,
U is the control law of the LQR, and Y is the output of the suspension system.
Substituting Y =— CX + DF into Equation (12), we obtain

] = fom[XTQdX +2XTN,U + UTR,U], (14)
where
Ky

lfqz + ﬁ 0 0 01|
Q, = CTQC = | 0 0 0 0|, (15)

0 0 kk2 xqz 0

L o ol

kr*Ql
Ny =CTQD = l ] (16)
Rq= DTQD + pR [q, + -2 17)
Equation (18) represents the control Equation of the LQR.

U(t) = — Kx. (18)

K represents the gain matrix of the LQR and can be calculated as follows:
K=R1'BTP. (19)

The P matrix can be estimated from the Algebraic Riccati Equation (ARE):
ATP + AP + PBR™'BTP+Q =0. (20)

Let
- (k1(yC(t) - Yk(t)) + Koy () + k3(¢1(t) - Yk(t)) + ky Yk(t)), (21)

where kq, ko, ks, and k, are coefficients of the control load Equation.
From Equations (8) and (9), the state space equations for the LQR controller are de-
duced as follows:

X = A X(@) +B,F(v), (22)
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Y = C,X(b), (23)
where
0 1 0 -1
[—kr—kl “br—kz ks  br-ks 0 “kizky  Zkp ks ke
me me me me _ 10 _ me me  Mmc  Mc
4=1 0 0 1 B = 1 o o0 o[ (24)
ke+ki  br+ks  kp+ks —brky 0 0 0 ky O
mg mg mg mg

u(t)

Figure 7. Block diagram of the model with a feedback gain. Where A, B, C, and D are the system,
input, output, and feedforward matrices, respectively. X is the state variable, and U and Y repre-

sent the input and output of the system, respectively. K is the feedback gain and [ is the integrator.

3. Results

In this section, the simulated results for the LQR-optimized controller, as performed
in MATLAB, are presented based on the derived mathematical model. The three algo-
rithms used —BMA, GA, and VEGA —were all implemented and simulated under a ran-
domly generated road geometry using power spectral density (PSD)—a technique for sim-
ulating road surfaces with varying degrees of roughness, as shown in Figure 6. Compari-
sons were made in the results to analyze the performance of the LQR controller optimized
using different algorithms. The objective is to achieve minimum displacement, velocity,
and acceleration of the vehicle body, thereby ensuring passenger comfort and safety.

Figure 8 illustrates a road profile for simulating the proposed model generated using
power spectral density (PSD) in the MATLAB environment. Since vertical displacements
occur due to uneven roads encountered by a vehicle, the randomly generated road profile
helps create a similar scenario that the vehicle might encounter in real-life situations. Gen-
erating the road profile using the PSD enables the simulation and analysis to be carried
out under varying road roughness conditions. The number of samples determines both
the length and detail of the computed PSD; many samples produce smoother PSD curves.
The PSD settings are given as follows: N (number of samples) = 1000; The random road
profile with the frequency (f) range of 0 to pi is characterized in Equation (25) as expressed
in [4].
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Figure 8. Randomly generated road profile using PSD.

pi _1-N =
e = {cos (M) +randn(N), 0<t<N-1;N =1000 25

0, otherwise

Figures 9 and 10 show the vibration and deflection reactions of both the unsprung
(suspension) and sprung (body) masses, respectively, under the influence of the road pro-
file. The proposed model has shown a better performance than its counterparts. The ver-
tical displacement has been significantly reduced by 10% compared to the other algo-
rithms (i.e., GA and VEGA).
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Figure 9. Displacement response of unsprung mass.
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Figure 10. Displacement response of sprung mass.

Figures 11 and 12 present the results of the vertical velocity of the suspension and
body systems, respectively. Similarly to the case of vertical displacement, the BMA has
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outperformed the GA and VEGA, resulting in a reduced vertical velocity. Here, the verti-
cal velocity of the BMA-optimized model is approximately one-fifth that of the GA- and
VEGA-optimized models, thereby enhancing ride comfort performance.

55 %107 Unsprung Mass Velocity

BMA-LOR

| ——ocALar VEGA-LQR

Velocity (m/s)

_2 1 1 1 1
0 200 400 600 800 1000
Time (s)
Figure 11. Velocity response of unsprung mass.
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|———GA-LGR

BMA-LQR

VEGA-LQR

U’ Ll
i

Velocity (m/s)

_2 1 1 1 1
0 200 400 600 800 1000
Time (s)

Figure 12. Velocity response of sprung mass.
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Table 5 presents a comparison table of the algorithm-based optimized models for the
sprung mass displacement, unsprung mass displacement, sprung mass velocity, and un-
sprung mass velocity of the active quarter-car suspension system. The LQR-VEGA has
demonstrated minimum displacement for the sprung mass (0.38 X 10~° m), compared
to the LQR-BMA (0.94 X 107> m) and the LQR-GA (4.23 x 107> m). In contrast, the
LOR-BMA has demonstrated the minimum displacement for the unsprung mass
1.78 x 107°6 m) compared to LQR-GA (4.56 x 107°m)and LQR-VEGA (2.47 x 10°m),
thereby depicting an increase not only in the stability of the vehicle but also in the ride
comfort of the passengers. Conjunctively, better results were achieved by the LQR-BMA
in response to the velocities of the sprung (0.08 X 10™* m/s) and unsprung masses
(0.11 x 10™* m/s) compared to LQR-GA (0.27 x 10™*m/s and 0.42 x 10™* m/s) and
LQR-VEGA (1.50 x 10™* m/s and 2.44 x 10~* m/s), highlighting its effective role in
improving road handling performance.

Table 5. Comparison of the optimized models.

Optimization Max. Sprung Mass Max. Unsprung Mass Max. Sprung Mass  Max. Unsprung
Algorithm Displacement (m) Displacement (m) Velocity (m/s) Velocity (m/s)
BMA 0.94 x 107° 1.78 x 10~° 0.08 x 10~* 0.11 x 10~*
GA 4.23 x 107° 456 x 107° 0.27 x 107* 0.42x 107*
VEGA 0.38 x 107° 2.47 x 107° 1.50 x 107* 244 x 107*

4. Discussion

The proposed model aimed to improve the stability, ride comfort, and road handling
performance of the vehicle in road profiles with varying roughness by optimizing the tun-
ing of an LQR controller using BMA. From the simulation results (Figures 9-12), the BMA-
optimized model has demonstrated a better performance than the other metaheuristic-
optimized models, such as the GA and VEGA, because the BMA includes a memetic (local
search) phase that refines each solution, improving accuracy, convergence precision, and
easy search for optimum weighting parameters of the LQR controller. Moreover, because
the BMA has a better convergence speed than the GA and VEGA, optimal solutions are
attained more quickly, resulting in a smoother and significantly reduced vertical displace-
ment of both the vehicle and the suspension system, as shown in Figures 9 and 10. With
Figures 9 and 10 representing the displacement responses of the unsprung and sprung
masses, an optimal result (a significantly reduced displacement of the suspension) has
been achieved by the BMA-LQR optimized model, thereby resulting in increased comfort
and safety of passengers.

In the other two models, the GA-LQR-optimized model has shown better perfor-
mance than the VEGA-LQR-optimized model. Additionally, because the BMA combines
the Bacterial Foraging Algorithm (BFA) and memetic algorithms for its exploration, a
more robust search over the solution space is achieved via bacterial foraging. This con-
tributed to the reduced vertical velocity of the vehicle and suspension system compared
to other optimization methods, as shown in Figures 9 and 10, respectively. Figures 9 and
10 show the velocity responses of the sprung and unsprung masses. Similarly to the case
of the displacement response, the BMA-LQR-optimized model outperforms its counter-
parts, demonstrating it to be a promising and effective solution. Moreover, while the GA
and VEGA traded off minimizing suspension displacement at the expense of balancing
multiple and complex optimization objectives, the BMA demonstrated a better trade-off
between comfort and road handling, contributed by the optimal damping and stiffness
behavior of the tuned LQR controller.
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From Figures 9-12, the proposed model demonstrates its robustness to noise and
variation across random road profiles, a critical feature for real-world suspension systems,
thereby maintaining consistent and optimal performance. Additionally, Table 5 presents
the responses of the optimized model regarding the vertical displacement and velocity of
the sprung and unsprung masses in the quarter-car suspension model. The data in the
table highlight the efficiency and efficacy of the proposed model. From the results
achieved, the BMA-optimized model has shown a 77.78%, 60.96%, 70.37%, and 73.81%
reduction in the sprung mass displacement, unsprung mass displacement, sprung mass
velocity, and unsprung mass velocity responses, respectively, compared to the GA-opti-
mized model. On the other hand, the BMA-optimized model has shown a -59.57%,
38.76%, 94.67%, and 95.49% reduction in the sprung mass displacement, unsprung mass
displacement, sprung mass velocity, and unsprung mass velocity responses, respectively,
compared to the VEGA-optimized model. Here, the BMA has indicated a high level of
compatibility with active suspension systems (a challenge faced by other optimization
methods), which shows that it can also perform effectively with both passive and semi-
active suspension systems. During the bacterial mutation, the mutation rate is a critical
factor that determines how optimal the solutions can be. Too high a mutation rate can
disrupt good solutions, while a too-low mutation rate may prevent exploration of new
regions of the search space. Therefore, a suitable value must be chosen carefully and pre-
cisely for better tuning. Furthermore, the fact that the BMA can balance between explora-
tion and exploitation (i.e., combining global search with local refinement)—reducing the
chances of getting trapped in local minima leading to premature convergences—has sig-
nificantly contributed to the fewer oscillations and lower vibration levels achieved by the
BMA-LQR-optimized model under the uneven road disturbance. The self-adaptive pa-
rameterization—a feature that allows the BMA to quickly and automatically adjust its be-
havior based on the defined problem —further improves and integrates its ability to bal-
ance exploration and exploitation. Although the LQR is designed for linear time-invariant
systems, whereas the vehicle suspension dynamics are often nonlinear, the BMA has
shown its effectiveness in precisely tuning the weighting parameters to achieve optimal
feedback gain of the LQR controller.

5. Conclusions

This research demonstrates the effective role that evolutionary algorithms can play
in the optimization of a car suspension system. By employing modern computational
methods, particularly BMA, high-performance systems with minimal vertical displace-
ment and velocity can be easily achieved. The BMA, with its robust processes of natural
selection, bacterial mutation, and gene transfer, has proven to be a versatile and effective
tool for addressing a wide range of optimization problems.

The traditional LQR control method has long been inconsistent and imperfect in
achieving an optimal level of control in active suspension systems. Therefore, to overcome
these limitations, an improved optimization technique that combines and utilizes the Bac-
terial Foraging Algorithm (BFA) and memetic algorithms to effectively determine the
weight coefficients of matrices Q and R of the LQR is presented in this paper. First, a quar-
ter-car active suspension system is adopted for the study. The mathematical and state-
space models were developed according to Newton’s second law of motion. Then, the
three algorithms (BMA, GA, and VEGA) were developed and implemented within the
MATLAB environment on the model. Finally, a comparative analysis was conducted on
the simulation results to evaluate the performance of each algorithm. The results, as
shown in Figures 9-12, highlight the distinction between BMA and other algorithms in
the optimization of car suspension systems. From Figures 9 and 10, the BMA-based con-
troller has demonstrated better performance than the GA and VEGA (though the LQR-
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VEGA model has shown the least body displacement) under the road profile by signifi-
cantly reducing the rate of random vibration of the vehicle body and suspension system
with about 77.78% and -59.57% and 60.96% and 38.76%, respectively, resulting in im-
proved ride comfort and road holding stability. Moreover, in the proposed model, the
vertical velocities of the sprung and unsprung masses have improved by about 70.37%
and 94.67% and 73.81% and 95.49%, compared to GA and VEGA, as shown in Figures 11
and 12.

By incorporating BMA in future models and designs of car suspension systems, more
efficient and sustainable systems could be built. However, further research can be con-
ducted to explore the effectiveness and robustness of the BMA, using this research as a
foundation.
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