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Abstract: The optimization of independent automotive suspension systems, which is one
of the main pillars of the vehicle performance and comfort, is currently going through
a revolutionary change due to the development of artificial intelligence and quantum
computing. This paper aims to review the multi-objective optimization of suspension
parameters including camber, caster, and toe to discuss the complex design issues that arise
from geometric and dynamic considerations. Some of the most common computational
methodologies, which are Genetic Algorithms, Particle Swarm Optimization, and Gradient
Descent, are discussed in this paper along with the new quantum computing techniques
such as Gate-Based quantum computing and Quantum Annealing (QA). In addition, this
review incorporates information from the practice of automotive manufacturers who have
incorporated the use of artificial intelligence and quantum computing in their suspension
systems. However, there are still some issues remaining, such as the computational cost,
real-time flexibility, and the applicability of theoretical concepts to actual engineering
structures. Some potential future research directions are introduced in this paper, such as
hybrid optimization approaches, quantum techniques, and adaptive materials, which are
considered as potential directions for future development. This systematic review presents
a conceptual framework for researchers and engineers to follow, stressing the importance of
interdisciplinarity in the development of intelligent suspension systems with performance
objectives that are capable of adjusting to various road conditions. The findings of this
work underscore the growing importance of complex computational techniques in modern
automotive industry and highlight their potential to shape future developments based on
emerging trends and industry practices.

Keywords: automotive suspension systems; optimization techniques; vehicle dynamics
and stability; AL; quantum computing

1. Introduction

The automotive industry is at a point where there is a convergence of technological
advancements in engineering with the help of computational methods to solve various
design issues. Of these challenges, the optimization of independent suspension systems is
one of the most important and relevant areas of study, affecting the vehicle performance,
safety, comfort, and energy consumption. Suspension systems are crucial parts of a vehicle
through which it communicates with the road and manages the movements of mechanical
parts, forces, and other conditions that define the behavior of a car. The growth of automo-
tive suspension technologies has been dynamic, with technological developments being
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made in the bid to enhance the dynamics of the vehicle, reduce energy consumption, and
generally enhance the driving experience [1].

The development of automotive suspension design has been limited by the use of linear
optimization and the limitations of early computational tools that were unable to represent
the dynamics of the system adequately. The development of classical suspension design
and analysis techniques based on experimental methods, physical prototypes, and rather
coarse computational models restricted the design process and the investigation of possible
configurations and solutions [2]. Such traditional approaches usually led to suboptimal
designs, where performance was negotiated through the use of engineering judgment rather
than through the application of powerful optimization methods that could identify the best
solution [3,4]. This is further evidenced by aspects such as the toe alignment, camber angle,
and caster angle of the suspension system, which are interdependent variables that cannot
be easily captured by using linear modeling approaches [5].

The use of artificial intelligence (Al) and quantum computing technology is a game-
changer in the optimization of automotive engineering, especially in the suspension system,
through the implementation of solution-seeking technologies [6,7]. These advanced compu-
tational approaches enable researchers and engineers to explore vast design spaces, simulate
complex interactions, and optimize multiple performance objectives simultaneously with
a level of precision and efficiency previously unattainable. Such methods as machine
learning algorithms, evolutionary computation techniques, and quantum computational
strategies are effective in identifying the connections between the suspension geometry,
vehicle dynamics, material properties, and performance measures. These approaches hold
the promise of completely changing the approach we employ and the manner in which we
incorporate automotive suspension systems [8].

The optimization of automotive suspension systems is a challenging problem that can
be mathematically stated as a constrained vector optimization problem. The goal is to either
minimize or maximize the multi-objective function F(x), which captures key performance
metrics such as ride comfort, handling stability, and durability. For example, F(x) may
include objectives such as minimizing vehicle accelerations during a specific test, reducing
suspension deflection, minimizing suspension stress, and improving tire-road contact,
described as follows:

Minimize/Maximize: F(x) = [f1(x), f2(x),..., fu(x)]
subject to:  g; i

where:

*  x =design variable vector (suspension geometric parameters);
e F(x) = objective function vector;

e gj(x) = inequality constraints;

e h(x) = equality constraints;

* 1 =number of objective functions f;;

* m =number of inequality constraints;

*  p=number of equality constraints.

The computational complexity of this optimization challenge is characterized by
the NP-hard nature of suspension design problems, which typically exhibit nonlinear
interactions, multiple conflicting objectives, and complex constraint spaces [9].

However, there are some major concerns that can be seen in the current literature and
that require further research in this field. Current research is rather dispersed and does
not include a systematic approach to understand how various computational methods can
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be applied to solve the problems of suspension system optimization. Most of the existing
works are limited to the application of certain optimization techniques or particular aspects
of performance metrics without a coherent framework that would encompass all the
interrelated aspects of the suspension system. In addition, there is a lack of research
that attempts to integrate artificial intelligence and quantum computing techniques in a
single methodological framework, especially in the area of automotive suspension system
optimization [10]. These limitations highlight the need for a comprehensive review and
synthesis of the literature so that the research community and engineers can be provided
with coherent approaches to the design of advanced suspension systems [11].

1.1. Literature Search

In this systematic review, we followed the PRISMA method [12]. A detailed account of
the screening and selection process is presented in the PRISMA flow diagram (Figure 1). The
literature filter process is a comprehensive method used for identifying quality and relevant
research articles from a large number of database entries. The search process was initiated
with the research question and keywords shown in Figure 2. Multiple databases, including
Scopus, IEEE Xplore, Science Direct, Web of Science and IBM Quantum Research/Internet
sources (websites), together yielded a baseline of 174,663 papers. The following search
terms were used in combination with Boolean operators (AND, OR): “optimization”,
“algorithm”, “independent suspension” and “quantum computing”. The inclusion criteria
were set as journal articles, conference proceedings and early-access papers with publication
dates between 2019 and 2024 in order to ensure the contemporary nature of the sources.
The filtering process began with the identification of the records and then the removal of
the duplicates. Further filtering was performed using specific keywords and an abstract
screening process to keep only the papers that were very much related to the research
objectives. This process helped in filtering out irrelevant and of low-quality research papers,
as explained in Figure 2.

From the total number of databases searched, Table 1 presents the quantitative analysis
of articles obtained from each database with the contribution of each source. The eligibility
phase involved the implementation of certain criteria to ensure that only quality articles
which discussed the application of Al and quantum computing for optimizing suspension
systems of automobiles were considered. The final editing and reviewing process was also
intended to remove any missing or slightly off-topic articles, thus arriving at a set of articles
that depict the current status of independent suspension systems. This filtering approach
is used to build a solid and non-biased platform for the review and to use a number of
scholarly databases.

Table 1. Summary of search results across multiple databases for automotive research.

Search Query Database Total Papers
Fields Searched: All fields Scopus 22,764
Search Connectors: AND, OR IEEE Xplore 50,304
- AND: “Optimization” AND “Algorithm” Science Direct 75,733
- OR: “Independent” AND “Suspension” Web of Science 25,252
- OR: “Quantum” AND “Algorithm” IBM Quantum Research & Internet Source 610

- OR: “Artificial” AND “Intelligence”

- AND: “Automotive”
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Figure 1. A PRISMA flow diagram depicting the process of selecting studies included in the system-

atic review.

Research Question :
How can optimization algorithms, quantum computing, and artificial intelligence be applied to enhance independent suspension

systems in automotive engineering?

Search Keywords :
Optimization, Algorithm, Independent Suspension, Quantum Algorithm, Artificial Intelligence, Automotive

Search Databases :
Scopus, |EEE Xplore, Science Direct, Web of Science, IBM Quantum Research

Document Types :
Journal Articles, Conference Proceedings, Early Access Publications

Publication Timeframe :
2019-2024

Use Case Focus :
Studies related to optimization in independent suspension systems, using quantum or Al algorithms in the automotive domain.

Resultant Paper Features :

Explores optimization algorithms for independent suspension systems in automobiles.

Discusses the role of artificial intelligence in addressing challenges in suspension geometry (camber, caster, toe).

Reviews recent literature (2019-2024) on quantum computing applications for multi-objective optimization in suspension systems.
Examines case studies where Al or quantum-based optimization enhanced automotive suspension performance.

Highlights future research directions and challenges in combining Al, quantum, and advanced material technologies.

Figure 2. Selection of the collection process for the related paper.

1.2. Research Questions

The main research question that is focused on in this review article is the current
lack of understanding of the optimization methods for multi-objective optimization of
independent automotive suspension systems. Although much work has been carried
out in this area, there is still a major deficiency in compiling and assessing the current
methodological advances from the Al and quantum computing view points [13]. This

study seeks to:
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1.  provide a systematic review of the state of the art of independent suspension systems;
analyze the problems of toe, camber, and caster parameters;

3.  compare the most common optimization methods, including particle swarm optimiza-
tion (PSO), genetic algorithms, gradient descent, and ant colony optimization;

4.  Investigate the potential of applying quantum computing in suspension system design
and optimization.

In order to give a coherent and logical approach to the analysis of independent
automotive suspension optimization, the structure of this review article is as follows. In
Section 2, the type of independent suspension will be explained in detail. In Section 3, we
discuss the issues of suspension parameters and give a detailed account of toe, camber,
and caster with reinforcement from various sources. Section 4 will be on optimization
algorithms; it will cover artificial intelligence as well as quantum computing. Lastly,
Section 5 gives a conclusion and also suggests some possible future research that extends
this work.

2. Independent Automotive Suspension

The evolution of automotive suspension systems has been driven by a combination of
technological advancements and changing consumer preferences [14,15]. The automobiles
of the early 20th century used simple leaf spring suspension systems, which provided
minimal ride comfort but were adequate for the low speeds common at the time [16]. As
vehicles began to operate at higher speeds, it became apparent that more sophisticated
suspension systems were necessary to ensure safety and stability. Recent studies track how
these early innovations grew into the standard independent suspension systems of modern
vehicles [17].

In comparing different vehicle suspension systems, it is necessary to consider the
tradeoffs in comfort, performance, and cost. Vehicle suspension systems control spring
damping forces to improve ride comfort and safety. Passive suspensions are quite basic and
cheap and low-maintenance but have limited flexibility. Semi-active systems have electron-
ically controlled dampers that enhance handling compared with a passive system. Active
suspensions use actuators, sensors, and controllers to control the dynamic forces acting on
the vehicle, for better performance at the cost of increased vehicle complexity [18,19]. The
advanced characteristics of active systems come with higher costs, greater energy require-
ments and the requirement for scheduled service and unique maintenance. A comparison
of these suspension system types on the basis of their features is provided in Table 2.

Table 2. Comparison of the types of suspension systems.

Semi-Active

Feature Passive Suspension . Active Suspension
Suspension

Adaptability Fixed Adjustable damping Fully adiﬁ; 1:8 in real

Complexity Low Moderate High

Cost Low Moderate High

Energy Consumption None Low High

Ride Comfort Basic Improved Excellent

Handling Limited Enhanced Superior

Performance

Maintenance Needs Low Moderate High

Independent suspension is one of the most significant innovations in the automotive
industry, as it allows each wheel to move vertically without being influenced by the other
wheels. This design offers significant advantages over traditional dependent suspension
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systems. It is therefore upon this premise that individually controlled wheel movements
will ensure that vibration transmission is minimized [20]. Better road contact is due to flexi-
bility and also less unsprung mass [21]. It also demonstrates better weight distribution and
cornering abilities [22]. This also means that there is reduced mechanical complexity [23].
There are mainly four types of independent suspension systems, as shown in Figure 3,
that are fundamentally different in their mechanical characteristics and their consequences
for vehicle performance [24-27]. In our study, from Tables 3-6, we use the Optimum
Kinematics [28] tool to generate its optimal default models for multi-link, MacPherson,
double wishbone, and trailing arm suspensions. The geometric parameter values for each
model configuration are produced using this tool, in which lengths are measured in mm
and angle in degrees, and their geometries are visualized in 3D, as shown in Figures 4-7.

c) Double Wishbone Suspension

N

Independent Automotive
Suspensions

d) Trailing arm Suspension

Figure 3. Illustrations of different types of independent automotive suspension: (a) multi-link
suspension, (b) MacPherson suspension, (c) double wishbone suspension and (d) trailing arm
suspension. These systems improve control for vehicle handling and comfort level.

2.1. Multi-Link Suspension

The multi-link automotive suspension system is one of the complex systems used
in the modern automotive industry and has its significance in present-day automotive
systems, with a configuration as shown in Table 3. There is a major challenge of coming
up with a proper suspension system that will provide stability, comfort, and durability
while working under loads and on rough terrain. The management of control links to
find the best compromise between the handling and comfort of SUVs, which have high
centers of gravity, is a major challenge [29]. Another problem is the accurate setting of
suspension parameters, including camber angle, which may be influenced by changes
in load and affect the handling of the vehicle and its safety [30]. However, multi-link
suspension systems are crucial due to the increased kinematic control and improved ride
comfort over simpler suspensions. This is because they are crucial in electric vehicles, since
they provide the designers with the freedom to incorporate large battery packs without
necessarily compromising on the safety and performance of the car.

The multi-link suspension system, shown with the configuration detailed Table 3 along
with the 3D visualization in Figure 4, is an advanced suspension system compared to the
simpler suspension architectures and offers improved handling and comfort. Table 3 clearly
defines the coordinates of each pivot point in a multi-link system, such as CHASy owFor,
UPRIowpnt and LINKypppnt, which shows the location of these in three-dimensional space.
This precise data, as processed by the OptimumKinematics [28] tool, are used to create the
virtual model that provides a visual representation of the arrangement and the kinematics
of the suspension components. Figure 4 supports the tabular data in that it shows the
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theoretical positions in a kind of simulated real setup, which may help in checking fine-
tuning of parameters to enhance the vehicle dynamics. A geometric characterization is a
vital factor in improving the suspension simulation’s predictive capabilities, and this is
evident from this analysis of the data and visualization [31].

Table 3. Three-dimensional geometry parameters and their values for multi-link suspension model
using the Kinematic Optimum Tool for the spatial configuration of various suspension points.

Point Name X (mm) Y (mm) Z (mm)
CHAS_LowFor 49.000 405.000 165.000
CHAS_LowAft —240.000 382.000 114.000
UPRI_LowPnt 18.000 728.000 233.000
CHAS_UppPnt 16.000 462.000 402.000
UPRI_UppPnt 61.000 632.000 505.000
LINK_LowPnt —73.000 727.000 169.000
LINK_UppPnt —120.000 717.000 381.000
CHAS_TiePnt —190.000 423.000 289.000
UPRI_TiePnt —200.000 635.000 368.000
Wheels
Half Track 870.000 - -
Longitudinal Offset 0.000 - -
Static Camber 0.000° (degree) - -
Static Toe 0.000° (degree) - -
Rim Diameter 381.000 - -
Tire Diameter 580.000 - -
Tire Width 254.000 - -
Upright
\
UPRI_TieP \\
Upper Arm
. CHAS U
ppPnt
LINK_L —— e
owPnt CHAS_TieP TIerOd
nt
CHAS_LowF
or
CHAS Lo
/ wAft
LINK_UppP /
Anti-Rotation nt

/
Lower A-Arm

Figure 4. Three-dimensional model of a multi-link suspension system based on geometric data from
Table 3.

2.2. MacPherson Suspension

The MacPherson suspension system is one of the most common types of front-wheel
suspension systems used in modern vehicles, mainly because it is simple, inexpensive,
and space-efficient, with the configuration shown in Table 4. Nevertheless, it has some
drawbacks, including side load-induced friction, which increases ride discomfort and
handling. To reduce such challenges, spring positions have been optimized while work-
ing to improve the design of the damper to minimize friction and the analysis of shock
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absorber friction to identify its contribution to cornering behavior [32]. Also, the com-
pact nature of the MacPherson design is a benefit but comes with its own set of issues,
such as changes in camber and steering angles when the suspension moves, which af-
fects the handling of the vehicle. To overcome such challenges, researchers have come
up with active systems that incorporate intelligent vibration compensators to help in im-
proving the vibration isolation [33]. The use of elastic components, particularly rubber
bushings, to minimize noise and vibrations has also helped in enhancing the comfort of
the ride [34]. Thus, the MacPherson system is still relevant in automotive engineering,
as it provides flexibility to meet the comfort needs of consumers while dealing with the
existing problems.

Table 4. 3D geometry parameters and their values for MacPherson Suspension Model using the
Kinematic Optimum Tool for the spatial configuration of various suspension points.

Point Name X (mm) Y (mm) Z (mm)

MacPherson Suspension Points

CHAS_LowFor_L 8.790 379.040 135.290
CHAS_LowAft_L —293.000 356.000 200.000
CHAS_StrutPnt_L 58.000 600.000 676.000
UPRI_LowPnt_L —24.000 660.000 127.000
UPRI_StrutPnt_L —4.000 635.000 283.000
CHAS_TiePnt_L —111.000 333.385 219.100
UPRI_TiePnt_L —151.700 684.810 221.730
Spring

NSMA_AttPnt_L 41.000 600.000 512.000
CHAS_AttPnt_L 58.000 600.000 676.000
Wheels

Half Track 870.000 - -
Longitudinal Offset 0.000 - -
Static Camber 0.000° (degree) - -
Static Toe 0.000° (degree) - -
Rim Diameter 381.000 - -
Tire Diameter 580.000 - -
Tire Width 254.000 - -

Table 4 presents the geometric parameter values of a MacPherson strut suspension
system with a high level of precision, where important points such as CHAS; owFor, ,
UPRIstrytpnt; and other attachment points are provided in X, Y, and Z coordinates. The
information in Table 4 is crucial in determining the location of the suspension components
in space and is therefore vital in determining the correct alignment and performance of
the suspension. The 3D visualization in Figure 5 that is provided to bring these data into
context is where the suspension system is depicted in its entirety, including the struts, tie
points, and control arms. Thus, this figure and the data that stand behind it are capable of
presenting the relationships between the components and the mechanism of their work,
which helps engineers and designers to better understand how the changes in the struc-
ture affect the behavior of the suspension and, therefore, improve the vehicle’s stability,
handling, and comfort. Together, Table 4 and Figure 5 give a clear view of the MacPherson
suspension system and hence can be used both for analytical and practical assessment in
automotive design.
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CHAS_AttPnt_L

..
NSMA_Att

o
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a Damper
Co
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CHAS_TiePn

—Ypright
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PRI_Lo WAFt_L
wPnt_L
Lower A-Arm
UPRI_TiePnt_L

Figure 5. Three-dimensional model of a MacPherson strut suspension system based on geometric
data from Table 4.

2.3. Double Wishbone Suspension

The double wishbone suspension, also known as the A-arm suspension, is an advanced
form of independent suspension system that is characterized by its incredible geometric
versatility; its configuration is shown in Table 5, as well as the high performance levels that
it offers [35]. This suspension system is constructed with two triangular-shaped wishbone-
like control arms, namely the upper arm and the lower arm, which are hinged to the vehicle
chassis and the wheel hub, therefore allowing the wheel to move independently with a
lot of accuracy [36]. The geometry enables the management of camber angle, longitudinal
displacement of the wheel, and lateral flexibility of the suspension system, hence finding
application in high-performance and racing cars.

The mechanical design of double wishbone suspension systems makes it possible to
create complex kinematic behaviors that help to improve the handling of the vehicle. When
two non-parallel control arms of different lengths are used, engineers are able to determine
the wheel motion characteristics, such as the camber angle variation during suspension
compression and during dynamic load transfer conditions [37]. The configuration offers
excellent wheel alignment stability, low tire wear, and enhanced cornering capabilities,
hence finding application in premium automobiles that are designed to provide excellent
handling and dynamic stability properties.

The double wishbone suspension system is a complex system that is used for precise
and accurate control of the vehicle dynamics. It includes two triangular members that
offer the mechanism the capability to move and provide stability during different driving
conditions. Therefore, using the OptimumKinematics tool [28], we have carefully listed
the measurements of some of the components, such as CHAS_LowFor, CHAS_UppAft
and others, as shown in Table 5. This software is crucial in producing accurate kinematic
assessments that are basically used in developing suspension systems. The corresponding
3D visualization further illustrates these parameters in a real-world model, showing the
arrangement of the upper and lower control arms, the spindle, and their association with
the wheel, with the configuration shown in Table 5 and its visualization in Figure 6. These
are suspension systems that would enhance the performance and handling of the vehicle.
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Table 5. Three-dimensional geometry parameters and their values for double wishbone suspension
model using the Kinematic Optimum Tool for the spatial configuration of various suspension points.

Point Name / Parameter X (mm) Y (mm) Z (mm)
Double A-Arm
CHAS_LowFor 30.000 390.000 160.000
CHAS_LowAft —250.000 390.000 162.000
CHAS_UppFor 0.000 450.000 430.000
CHAS_UppAft —250.000 470.000 432.000
UPRI_LowPnt 47.000 780.000 150.000
UPRI_UppPnt —45.000 730.000 460.000
CHAS_TiePnt 68.326 208.026 238.252
UPRI_TiePnt 133.858 750.000 191.262
Direct CoilOver
NSMA_AttPnt_L —200.000 650.000 450.000
CHAS_AttPnt_L —250.000 450.000 700.000
Wheels
Half Track 870.000 - -
Longitudinal Offset 0.000 - -
Static Camber 0.000° (degree) - -
Static Toe 0.000° (degree) - -
Rim Diameter 381.000 - -
Tire Diameter 580.000 - -
Tire Width 254.000 - -
UPRI_Up Upper Arm
pPnt
Upright
HAS_LowF
~°“ Lower Arm
CHAS_Ti
—=ThAS_to epnt
Aft

Tierod
UPRL_Ti
ePnt

Figure 6. Three-dimensional visualization of a double wishbone suspension system defined by the
parameters in Table 5, detailing the layout of control arms, connection points, and wheel assembly.

2.4. Trailing Arm Suspension

The trailing arm suspension system is an important part of automotive engineering,
especially for cars that need excellent handling and stability. This suspension type is
known to be highly durable, has excellent load distribution, and is therefore suitable for
off-road as well as heavy-duty use. However, there are certain issues that are encoun-
tered in the system due to the fact that the system is prone to high stresses and fatigue
during operation, which may lead to early failure of some of the components. The paper
reviewed placed emphasis on how the suspension geometry and the material used can
be improved to enhance the performance and reduce wear [38]. Finite Element Analysis
(FEA) has been used to study the stress distribution and to determine the areas that re-
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quire improvement in the design using advanced modeling techniques [39]. Semi-trailing
arm suspension systems have been known to provide better handling, as they reduce
camber angle and increase lateral load-carrying capacity, as shown by [40]. Moreover,
energy-efficient measures like incorporating vibration energy harvesting systems help in
mitigating energy loss problems while at the same transforming the normal challenges
into possibilities for sustainable improvements. The use of aluminum alloys and other
lightweight materials also helps in minimizing the unsprung mass and hence enhances the
performance of the vehicle [41]. In particular, trailing arm suspensions are crucial to vehicle
performance, and the progress in the field offers solutions to the existing problems and
increases effectiveness.

The extended Table 6 and the 3D visualization in Figure 7 for the trailing arm suspen-
sion system present a systematic and elaborate view of this mechanical system. The table
that follows presents the positions of various components in the Live Axle 2 A-Arm and
Direct CoilOver setups in the X, Y, and Z axes, namely CHAS_Arm_L, AXLE_InnArm_L,
and NSMA_AttPnt_L, which shows the level of accuracy needed when setting up this
system. This level of detail is shown in the 3D image, which shows the actual installation
of the suspension and shows how the axle arms and the coilover mounting points are
integrated. The data presented in Table 6 give a spatial context of the suspension layout
and a clear picture of how these components cooperate to achieve vehicle dynamics and
load handling, which is very important in enhancing the performance and safety of the
vehicle when operating under different conditions.

Table 6. Three-dimensional geometry parameters and their values for the Live Axle 4 Trailing Arms
Watts Linkage and Direct CoilOver suspension.

Point Name / Parameter X (mm) Y (mm) Z (mm)

Live Axle 4 Trailing Arms Watts Linkage

CHAS_LowArm 708.970 575.000 200.000
CHAS_UppArm 708.970 575.000 474.000
AXLE_LowArm 102.500 575.000 181.400
AXLE_UppArm 102.000 575.000 471.200
AXLE_WatPnt —138.000 485.000 348.000
ROCK_WatPnt —141.030 0.000 315.000
Direct CoilOver

NSMA_AttPnt_L —200.000 650.000 450.000
CHAS_AttPnt_L —250.000 450.000 700.000
Wheels

Half Track 870.000 - -
Longitudinal Offset 0.000 - -
Lateral Offset 0.000 - -
Vertical Offset 0.000 - -
Static Camber 0.000° (degree) - -
Static Toe 0.000° (degree) - -
Rim Diameter 381.000 - -
Tire Diameter 580.000 - -
Tire Width 254.000 - -
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Figure 7. The proposed trailing arm suspension system is rendered as a 3D model from the geometric
specifications of the Live Axle 2 A-Arm and Direct CoilOver system, as mentioned in Table 6.

3. Suspension Geometric Challenges

Independent automotive suspension systems are an important part of the vehicle’s
performance; they enhance the ride comfort, handling, and safety of the vehicle, as they
allow the wheels to move independently. However, such systems are prone to geometric
problems whereby proper wheel alignment is difficult during the dynamic motion of
the vehicle. Such complications arise from the need to meet suspension travel, stiffness,
and packaging requirements. It is important for the camber and toe angle to be at their
minimum values at any given suspension movement to enhance the stability of the vehicle
and minimize tire wear [42]. The use of advanced variable geometry suspensions also
enhances the complexity of the design but provides better control and flexibility for modern
automobiles [43]. Nonlinear dynamic models are used in the optimization of suspension
geometry in order to improve the kinematic and dynamic performance of the suspension
system and reduce variation in wheel alignment. The butterfly optimization method has
been demonstrated to be efficient in suspension component design; the method has led
to weight reduction and performance improvement [44]. Real-time testing with systems
including the Series Active Variable Geometry Suspension (SAVGS) has shown that it
provides better comfort and handling in terms of ride quality and road holding, especially
when considering the full car dynamics [45]. Developments in suspension modeling,
especially those that enable the separation of wheel and steering dynamics, also help
improve the efficiency and precision of the geometry optimization.

3.1. Camber

Camber is the angle of a vehicle’s wheel with respect to the vertical axis of the car when
viewed from the front or the rear. It is divided into three categories, as shown in Figure 8,
namely positive camber, negative camber, or neutral camber, based on the direction of the
wheel’s tilt. Camber has a great effect on the contact between the tires and the road surface
and thus the handling, stability, and wear of the tires. Negative camber is especially useful
in cornering since it enhances the contact area and adhesion of the tire to the road, thus
improving the handling of the vehicle [46].
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Camber

Figure 8. Front view of vehicle wheel camber settings. Negative camber (left) has the top edge of
the tire leaning towards the center of the vehicle; zero camber (middle) has the tire parallel to the
road, to minimize uneven tire wear; positive camber (right) has the top of the tire angled out, which
is sometimes used in specific handling situations.

On the other hand, there are different challenges for camber, as shown in Table 7. Too
much camber can cause the tires to wear unevenly, thus reducing their overall lifespan
and efficiency [47]. The correct camber angle provides the right compromise between tire
adhesion, tire life, and the handling of the vehicle, and thus, it is an important factor in
suspension design [48]. Contemporary adaptive systems incorporate real-time camber
control to enhance the stability of the vehicle during dynamic conditions, which proves the
significance of this parameter in state-of-the-art suspension systems [49].

Table 7. Challenges for camber in independent automotive suspension systems. This table explains
different types of suspension and the problems they pose to camber, the affects this has on vehicle

performance, and solutions to these problems.

Suspension Type

Challenges for Camber

Impact on Vehicle
Performance

Proposed
Solutions/Innovations

MacPherson [50]

Camber variation during
suspension
compression/extension,
affecting stability and safety.

Reduced handling precision
and tire contact patch,
especially during dynamic
maneuvers.

Incorporation of camber control
actuators and improved
suspension geometry design.

Double Wishbone [51]

Complex geometry increases
design cost; maintaining
optimal camber under varying
loads is challenging.

High manufacturing and
maintenance costs; inconsistent
tire wear.

Adaptive camber systems using
active actuators and
simulation-based optimization
for load handling.

Multi-Link [52]

High structural deflection
under heavy loads causes
camber angle variation and

reduced handling performance.

Instability under high loads;
uneven tire wear and reduced
safety.

Structural reinforcement, use of
lightweight high-strength
materials, and load-adaptive
suspension tuning.

Trailing Arm [53]

Limited flexibility in camber
adjustments, especially for
off-road conditions with high
axle articulation.

Poor off-road handling and
reduced vehicle stability in
rough terrain.

Integration of flexible trailing
arms and real-time suspension
geometry adjustment
mechanisms.

General Challenges [54]

Achieving an adaptive system
to maintain camber under
dynamic conditions without
compromising cost and
simplicity.

Limited applicability for
high-performance or
cost-sensitive vehicle segments.

Development of cost-effective
active camber systems and
advancements in simulation for
suspension geometry design.

3.2. Toe

Toe is the angle made by the tires with the longitudinal axis of the vehicle when

viewed from above, as shown in Figure 9. It can either be classified as “toe-in’, when the

wheels are set to point inward, or ‘foe-out’, when the wheels are set to point outward. Toe
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has a great effect on the wear of the tires, the stability of the car, and the efficiency of the
fuel consumption. The challenges for toe are highlighted in Table 8. For instance, too
much toe misalignment results in increased rolling resistance, early tire wear, and reduced
handling [55]. This is because well-aligned tires offer minimum lateral force and roll in a
straight line, thus improving the fuel efficiency and the stability of a car [56]. The systems
that are capable of varying the toe angle based on the cornering or load conditions can
help in enhancing the tire-road contact, leading to better performance [57]. The engine’s
position clearly affects the optimal toe setting. For the front axle of a front-engine car, a
small positive toe (toe out) enhances turning in response, combating the normal understeer
due to the front weight bias, while negative toe is better for high-speed stability and
straight-ahead accuracy. Quite the opposite occurs on the rear axle. A small positive
toe can improve rotation and introduce some mild oversteer, which is useful in dynamic
driving conditions, while negative toe enhances overall stability and control of the vehicle’s
direction, important for handling front-weighted vehicles. Zero toe, which is when the
wheels are parallel to each other, is a neutral setting, but usually, a small tweak to one
side or the other is required to find the best handling compromise for a particular weight
distribution and how the car is expected to behave dynamically. Hence, controlling the
toe helps in reducing the wear and tear and the emissions, which makes it an important
parameter in modern suspension systems [58].

Table 8. Challenges for toe in independent automotive suspension systems. This table illustrates
certain difficulties that are unique to certain suspension types with regards to toe alignment, the
consequences of such difficulties on the vehicle dynamics, and the solutions which might be offered
by technological innovations.

. Impact on Vehicle Proposed
nsion T hallenges for To . . Ref
Suspension Type Challenges for Toe Performance Solutions/Innovations €
Toe variations during . Use of optimized suspension
. . Decreased steering
dynamic loading cause . geometry and advanced
MacPherson ) 1. . precision and safety under ) ; . [59]
instability and uneven tire . kinematic modeling to reduce
cornering loads. o
wear. toe variations.
High sensitivity to . . Implementation of machine
. Increased rolling resistance . . .
. manufacturing tolerances . . learning algorithms to predict
Double Wishbone . . and tire wear during [60]
results in dynamic toe . and compensate for
. suspension movements. 1
misalignment. misalignment.
Toe chan nder . . Integration of control
¢ changes u de Compromised high-speed tegration of contro
L high-speed maneuvers due T . algorithms for active
Multi-Link . stability and cornering . . [61]
to complex linkage suspension systems to adjust
. . performance. .
interactions. toe dynamically.
Difficulty maintaining toe Utilization of flexible
. yo & Poor off-road handling and  bushings and enhanced
. alignment in off-road ) . . :
Trailing Arm . . higher risks of suspension suspension geometry to [62]
conditions with extreme . .
. . component fatigue. accommodate dynamic toe
axle articulation.
changes.
. . Adoption of predictive t
Real-time adjustment of toe - option of prediciive foe
under varvine load Reduced energy efficiency adjustment mechanisms
General Challenges yms and higher emissions due to  using artificial neural [63]

conditions is complex and
expensive.

excessive rolling resistance.

networks and onboard sensor
systems.
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TOE

7 O A\
Toe-in

Figure 9. Top view of vehicle toe configurations. Toe-in features wheels angled inward at the front; no

toe has wheels parallel to each other; toe-out displays wheels with the front angled outward. Proper
toe alignment is essential for optimal tire wear, handling, and overall vehicle stability.

3.3. Caster

Caster is the angle created by the steering axis and the vertical axis of a car when
viewed from the side of the car, as shown in Figure 10. It has a great effect on the stability
of steering, returnability, and the handling of a car. Positive caster angles enhance the
directional control and the ability of the steering wheel to center after a turn has been made,
but it also has the disadvantage of increasing steering effort, especially where the caster
angle has been adjusted to be higher than the recommended level when operating the
vehicle at low speeds in tight quarters [64]. Negative caster angles are not commonly em-
ployed, and while they are possible, they are known to cause instability at high speeds [65].
The challenges for caster are discussed in more detail in Table 9. The caster angle is very
important in the management of the return force of the steering and the stability of the car
when cornering or when driving at high speeds, as it affects the wear and tear of the tires as
well as the safety of the car [66]. Current suspension systems are also experimenting with
the use of adjustable caster angles to adjust to various terrains and enhance the performance

of the car [67].

Table 9. Challenges for caster in independent automotive suspension systems.

Suspension Type Challenges for Caster Impact on Vehicle Performance References
Caster variation during dynamic loading leads . .
MacPherson to inconsistent steering returnability and Redu.ced hlgh-speed stability and [59]
hioh- d instabilit steering responsiveness.
igh-speed instability.
Maintaining precise caster alignment is .
Double Wishbone challenging under varying load conditions and Incre.a sed tl.r? wear and reduced [68]
hioh- d . steering efficiency.
igh-speed cornering.
Complexity in suspension geometry leads to Compromised brakine stability and
Multi-Link caster misalignment under high-speed braking ) p 1ng y [69]
. increased lateral tire wear.
or acceleration.
3 Difficulty mamtalnmg F0n51stent caster under Poor off-road handling and
Trailing Arm rugged off-road conditions and extreme axle . s [70]
; . decreased vehicle stability.
articulation.
Real-time caster adjustments require complex Increased development costs and
General Challenge and costly systems, limiting widespread limited applicability for budget [71]

adoption.

vehicles.
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Caster

Figure 10. Caster view of the vehicle. The ideal alignment is when the wheel is perpendicular to the
ground; this is 0° caster. Steady state turn off is improved by +10° positive caster. Steering agility
is improved with —10° negative caster. Appropriate caster settings are mandatory for good vehicle
dynamics, handling and control.

4. Optimization Algorithms for Automotive Suspension

Multi-criteria decision making (MCDM), also known as multi-objective optimization
(MOO), is a process of determining the optimal solution from among several solutions which
may be in conflict with each other. To make decisions about ride comfort, road handling and
durability in the automotive suspension system, one has to find the best trade-off between
these factors. The optimization process leads to the identification of the Pareto front, which
is a set of non-dominated solutions in which an improvement of one objective is impossible
without the deterioration of another. The mathematical definitions of MOO involve the
optimization of objective functions fi (x), f2(x), ..., fx(x), subject to constraints:

gi(x) <0 foralli,
hi(x) =0 forallj.

The Pareto front is obtained by minimizing the vector:

F(x) = [fi(x), f2(x), ..., fi(x)]

where each component of F(x) represents a distinct objective function to be minimized.

NSGA-II is one of the most popular algorithms for MOO because of its ability to
produce a set of non-dominated solutions for the Pareto optimal solutions [72]. Another
method that is widely used and is efficient in solving complex suspension systems is Multi-
Objective Particle Swarm Optimization (MOPSO). The importance of MOO in suspension
design is that it helps in handling multiple objectives at the same time and hence provides
the best suspension system [73].

The optimization of independent automotive suspension systems often poses NP-
hard challenges due to the combinatorial nature of hard-point configuration, kinematic
constraints and dynamic performance requirements. These problems are classified as
NP-hard because the computational complexity increases exponentially with the number
of variables and constraints. For instance, the determination of the best location of the
hard—point coordinates in double wishbone suspensions is a search in a high-dimensional
design space with constraints on camber, toe and caster stability [74]. These challenges are
addressed by double-loop MOPSO algorithms, which solve these problems by iteratively
improving the solutions while ensuring that the constraints are not violated [3]. In order to
reduce the computational cost, surrogate models such as Kriging are utilized to predict the
objective functions and hence facilitate effective search for Pareto optimal solutions [75].
However, there are still issues in achieving real-time optimization of adaptive suspension
systems in dynamic environments [76]. Such NP-hard problems show the potential of
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applying the hybrid approach based on heuristics and machine learning for large-scale
optimization [77].

4.1. Artificial Intelligence Solution

Al is central to solving MOO problems in the context of automotive suspension
design. Several Al-based techniques including Genetic Algorithms (GAs), Particle Swarm
Optimization (PSO), Gradient Descent and Ant Colony Optimization (ACO) are very useful
in dealing with multiple objectives, as shown in Figure 11, for instance, comfort, control
and life cycle cost. NSGA-II, a popular GA, is particularly efficient in producing Pareto
optimal solutions for suspension systems. Other techniques, like PSO, are capable of using a
number of particles to search for solutions in a given problem and are efficient in optimizing
problems with a high-dimensional design space [78]. Meanwhile, ACO tries to simulate
the ant’s behavior to solve the optimization problem and it has been used in determining
the suspension parameters for various conditions [74]. These methods provide effective
solutions for the comprehensive analysis of the dynamics of automotive suspensions by
enhancing simulation and prediction.

[ Initialize Particle Positions and Velocities |

[

Initialize Population |

[ Evaluate Fitness Functions

Evaluate Fitnless Functions

‘ Performtelection | [ Update Velocities and Positions |

A Creteria Not Met
\ Perform Crossover | Creteria Not Met

y
\ Perform Mutation |

\ Update Population

eck Termination

Creteria

<Check Termination Creteri

Creteria Met

Creteria Met

[

Output Pareto-optimal Solutions |

[ Output Pareto-optimal Solutions |

(a) Genetic Algorithm

(b) PSO Algorithm

| Initialize Parameters

| [ Initialize Pheromone levels |

[EvaluateCandidate Paths (Solutions)

\ Compute Gradient of the Objetive Functions }:l

\ Update Pheromone Trails |

[ Update Parameters Based on Gradient |

Check Termination Creteria

Not Coverged Creteria Not Met

<Check Termination Creteria

Creteria Met
Coverged

\ Output Optimal Solutions |

Output Optimal Solutions |

(c) Gradient Algorithm

(d) Ant Algorithm

Figure 11. Flowchart of the popular algorithms used for optimization.
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4.1.1. Genetic Algorithm

Genetic Algorithms are an optimization technique which implement natural selection
to solve multi-objective problems and find the best solution for design paramters in auto-
motive suspension in Table 10. The process starts with an initial population of candidate
solutions, which evolve through selection, crossover and mutation processes over a number
of generations. Fitness functions are used to rank each solution according to objectives, for
instance, ride comfort, handling and safety. Pareto dominance is applied to identify the
non-dominated solutions which compose the Pareto front [79].

The fitness of a solution in a Genetic Algorithm is represented as:

fi(x) = fitness function for objective i, where x is the candidate solution.

Table 10. Genetic Algorithm applications in automotive suspension, summarizing the objectives, ap-
plications, and impacts of employing Genetic Algorithms for the optimization of suspension settings.

Objective Application Impact References

Minimize variability

Improved handling

Camber Optimization in alignment and tire wear [36]

Toe Angle Control Mamt.am consistent Reduced lateral forces [80]
toe alignment and wear

Caster Adjustment Improve steering Enhanced driver [79]

stability

control

4.1.2. Particle Swarm Optimization

PSO is similar to social behaviors, for instance, bird flocking. Every particle is a
candidate solution and moves in the search space and changes its position with the help of
its own experience and the experience of its neighbors. Some of the objectives, as shown in
Table 11, that can be realized include minimizing camber angle variation or maximizing
tire contact [81].

Table 11. PSO for suspension optimization.

Objective Application Impact References

Enhanced vehicle

Camber Optimization =~ Minimize response time . [81]
responsiveness

Toe Angle Reduce dynamic toe Improved straight-line [82]

Optimization changes stability

Caster Optimization Maintain consistent Better maneuverability [3]

steering effort

Consider the Particle Swarm Optimization (PSO) dynamic equations, defined as:

0i(t+1) = wo;i(t) + c171(Ppest — Xi(t)) + c2r2(gvest — ¥i(t)),
xi(t+1) = x;(t) +vi(t+ 1),

where:

e  ©;(t) is the velocity of particle i at iteration ¢;

e x;(t) is the position of the particle i at iteration ¢;
*  wisinertia weight;

. c1, ¢ are the acceleration of coefficients;

®  rq,1p are random numbers between 0 and 1;

®  Dpest is the best known position of particle i;
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®  gpest is the best known position among all the particles in the swarm.

Table 11 summarizes the optimization objectives for different suspension parameters
using PSO, along with their applications, impact, and references.

4.1.3. Gradient Descent

Gradient Descent is a method of choosing design variables which moves through
iterations to change the design variables in the direction of the greatest decline in the
loss function. It is most effective for use in continuous and differentiable problems, as
mentioned in Table 12, and can be applied to issues like the optimization of suspension
kinematics [83].

Consider the Gradient Descent algorithm for the optimization of the objective function:

Xpp1 = Xt =V f(xt)

where the variables are defined as follows:

U Xp: current parameter values at iteration ¢;

*  5:learning rate, a scalar that determines the step size during the gradient descent;

e Vf(x¢): gradient of the objective function at x;, indicating the direction of steepest
ascent.

Table 12. Applications of Gradient Descent in suspension optimization.

Objective Application Impact References
Camber Angle Red dynamic variabilit Improved cornering stabilit [83]
Adjustment educe dynamic variability proved cornering stability

Toe Alignment Optimize toe during braking  Reduced tire wear [84]

Caster Stability Minimize steering variability f;fl;?;ced handling and [85]

4.1.4. Ant Colony Optimization

ACO is based on the simulation of an ant colony while looking for the paths between
the colony and sources of food. Pheromone trails control the solutions to the best paths [86].
In suspension design, ACO optimizes parameters such as stiffness and damping for multi-
objective objectives, as mentioned in Table 13.

Table 13. Applications of ACO in suspension optimization.

Objective Application Impact References
Camber Control Ensure uniform tire-road Improved vehicle stability  [86]
contact
Toe Angle Maintain consistent Reduced rolling 87]
Optimization alignment resistance
s Adaptive handling for Increased driver control
Caster Angle Stability dynamic loads and comfort 31

The pheromone update rule in Ant Colony Optimization (ACO) can be written as:

Ti(t+1) = (1 - p)7(t) + ) ATy

where:

*  7;(t) is the amount of pheromone on the edge connecting nodes i and j at time ¢;
. p is the pheromone evaporation rate;
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*  Av; represents the amount of pheromone deposited, typically depending on the
quality of the solution that used edge (i, ).

4.2. Quantum Computing Solution

Quantum computing is a new and emerging kind of computing that uses quantum

mechanics instead of the classical “bit” that normal computing relies on; the differences

are shown in Table 14. While classical computing uses bits (0&1) as the basic unit of

information, quantum computing uses quantum bits (qubits). A qubit is actually in a state

of quantum indeterminacy, meaning it is somehow both 0 and 1 at the same time. Quantum

entanglement and interference give quantum computers an advantage in some problems

by orders of magnitude [88]. The main principles of quantum computing are described in

Table 15.

Table 14. Differences between classical and quantum computing.

Aspect

Classical Computing Quantum Computing

Bit vs. Qubit

A bit is represented as a binary value: A qubit exists in a superposition:

be {01} ) = a|0) +B|1)

Uses quantum gates that operate with

ga’;e;?igis IOJ;esl\]? g?rl)ean logic gates (e.g., AND, unitary matrices (e.g., Hadamard,
P ' CNOT)
. Solves problems sequentially; for Can solve. certain problems
Computational le f : exponentially faster [89,90]; for
example, factoring a number N , .
Power example, Shor’s algorithm factors N

. . . 1/3
requires exponential time: O(e" ") in polynomial time: O((log N)?)

Table 15. Main principles on which quantum computing works.

Principle Description
A qubit is a superposition of basis states |0) and |1), represented as:
§) = «l0) +B[1)
Superposition ~ where x and f are complex amplitudes with |a|2 + |B|? = 1. For example, in
equal superposition:
1
=—(]0)+1
¥) 7 (10) +11)
Qubits can be entangled such that the state of one (no matter the distance)
directly correlates with the state of another. A Bell state example is:
Entanglement 1
@) = —=(|00) +[11))
V2
Interference results from the superposition of states, affecting measurement
outcomes: )
Quantum P(x) = ;i (x|p;
Interference () Zz; i (x160)
This determines the probabilities of various quantum states, with constructive
interference enhancing and destructive interference reducing probabilities.
Quantum gates manipulate qubit states through superposition and entangle-
ment. Key gates include:
8utzmtum e Pauli-X Gate (flips states): X |0) = [1) and X |1) = |0).
ates

e Hadamard Gate (creates superposition): H|0) = \%(\O) +|1)).
e CNOT Gate (entangles qubits): CNOT |00) = |00), CNOT |10) = |11).
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4.2.1. Quantum Types and Algorithms

Quantum computing is studied from multiple perspectives, and different approaches
are suitable for various kinds of problems and their application. Even though gate-based
quantum computing is the most popular, other kinds of quantum computing, such as
adiabatic, topological and photonic quantum computing, are more efficient in certain tasks,
including optimization, robustness and communication, respectively. The selection of the
quantum computing model is based on the type of problem to be solved and the resources
that are available, as shown in Figure 12. The aim is to find the optimum solution to
optimization problems in an iterative manner, as described in Table 16, improving on the

solutions in every iteration of the quantum-enhanced search [91].

Table 16. Quantum methods for suspension optimization in automotive systems.

Ref | Detail

Optimization
Obijective

Application

Impact

Rationale for Quantum
Method Selection

[92]: Discusses QAOA for
query optimizations and its

Multi-objective

Dynamic camber,
caster, and toe

Improved vehicle

Gate-based methods excel
in achieving precise

scalabili optimization tunin handling multi-objective
. & optimization using QAOA.
Gate-based approaches
[93]: Provides optimization Lo Optimization of Enhanced leverage high coherence to
Multi-objective . s
methods for gate-model optimization suspension stability and explore complex
neural networks. p geometry performance suspension geometries
efficiently.
[94]: Introduces enhanced . . Variational algorithms
. . . Suspension stiffness . .
algorithms for Combinatorial . Enhanced ride effectively solve
. . Lo and damping . . .
combinatorial optimization tunin comfort combinatorial challenges in
optimization. & suspension design.

. Gate-based methods adapt
[95].' Explgres quantum Structural Load distribution in Impro.v.ed well to load distribution
optimization for L . durability and .

. . optimization suspension systems - challenges using advanced
engineering structures. efficiency 1o .

Hamiltonian modeling.
Quantum annealing maps
[96]: Applies annealing for Global suspension Enhanced complex constraints to
- S Energy . -
scheduling optimization minimization parameter stability and energy landscapes, finding
problems. optimization comfort optimal solutions
effectively.
Annealing handles
71 Di . . . . . o L
[© ]' D}scgsses 1'ndustr1al Constraint Dynamic camber Enhanced vehicle real' time op’tlmlzatl'on by
optimization using . . and caster s rapidly finding feasible
. satisfaction . maneuverability . . .
annealing. adjustments solutions in dynamic
scenarios.
[98]: Explores mission . Annetalhng gxcels n

. L . . . Suspension . combinatorial tasks,

optimization with Combinatorial . . Increased design . iy .
. o hard-point location - identifying optimal

annealing and QAOA optimization : efficiency . ;

. selection configurations from
comparisons. Do

numerous possibilities.
[99]: Evaluates Anngahng methods handle
. . . gradient-based

gradient-based Gradient Toe alignment . A

o o . Reduced tire wear ~ optimization in complex,
optimizations on quantum  optimization tuning

hardware.

multidimensional design
spaces effectively.
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Technology: Superconducting, Trapped lons
Key Features: Qubits and gates

-{ Gate-Based Quantum Computing }

‘ Technology: Superconducting ‘

-{ Adiabatic Quantum Computing } Key Features: Quantum S

.‘ G Al } N ‘ Technology: Superconducting ‘

Key Features: Focus on optimization problems

} . ’ Technology: Anyons ‘

+ jlepchosicallantimltomplting Key Features: Topological fault tolerance

+ Measurement-Based Quantum } . ’ Technology: Photonic, Trapped lons ‘
Types of Computing Key Features: Resource states + measurements
Quantum
Computing + Analog Quantum Computing } . Technology: Cold Atoms, Trapped lons

Key Features: Direct Hamiltonian simulation

Hybrid Quantum—Classical Computing

Technology: NISQ devices
Key Features: Variational algorithms (VQE, QAOA)

+
+

Photonic Quantum Computing ‘ > Technology: Photons
Key Features: Optical circuits for qubits

-{ Trapped-lon Quantum Computing ‘

. Technology: Trapped ions
Key Features: Long coherence times, high-fidelity gates

Technology: Superconducting circuits
Key Features: Scalable qubits, well-established fabrication

—{ Superconducting Quantum Computing }

Figure 12. Different types of quantum computing, their qubit technologies and key features.

Gate-Based Quantum Computing

Quantum computing is the most concrete design of a quantum computer, which is
similar in its operational paradigm to a conventional digital computer. In this approach,
quantum gates act as control gates that modify the state of qubits, which are the basic
units of quantum information to be processed; the working methodology is shown in the
flowchart in Figure 13. Qubits are capable of being in a superposition of states, and this
capability allows for the parallel processing of information in a way that is fundamentally
different from that of a classical computer. Computation is performed by quantum circuits,
which are sequences of these quantum gates. Quantum error correcting codes like the
surface code are used to counter the effects of decoherence and noise, which threaten the
integrity of quantum information. In theory, gate model quantum computers are able
to solve any problem that a classical computer can, and, further, gate model quantum
computers may offer exponential speedup for certain problems, e.g., Shor’s algorithm
for factoring large numbers, Grover’s algorithm for unstructured search, as explained
in Table 17, and simulations of complex quantum systems, which are of great interest in
chemistry, material science, physics, as well as useful in the domain of automobile batteries.

Quantum Gate Based

System
* Quantum Gates
Logic Operations R Entanglement Superposition Qubits
gicUp Preparation g perp
” Measurement

Figure 13. The diagram demonstrates how quantum gates operate on qubits in order to carry out
operations which are crucial to quantum computing.
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Table 17. Key algorithms in gate-Based quantum computing.

Algorithm Purpose How It Works

Designed to factorize large
integers exponentially faster
than classical algorithms,

impacting cryptography. *  Prepare a superposition of states.
e Apply modular exponentiation:

f(x) =a* mod N.
Shor’s . Use Quantum Fourier Transform
(QFT) to find the period.
. Determine factors of N.

Steps:

Main Equation:

Q FT‘ L 2mixk/N ‘k
-m L
Provides a quadratic speedup
for unstructured search
S Steps:
problems, optimizing the
search in v/N steps. *  Prepare a superposition of all states.
*  Apply an oracle to mark the desired
state.

Grover’s ¢  Use a diffusion operator to amplify the

marked state’s amplitude.

Main Equation:

= Qly){pl-NO

where |} is the equal superposition state, I
is the identity operator, and O is the oracle.

This model has found a real-life application in the optimization of mechanical systems,
for instance, the suspension system of an automobile. This is achieved by modelling the
suspension system as a Hamiltonian or a cost function and representing key mechanical
parameters, such as spring constants and damping coefficients, as qubits. Then, Varia-
tional Quantum Algorithms (VQAs), such as the Quantum Approximate Optimization
Algorithm (QAOA), are employed to try and find a quantum state that is close to the
optimal solution. This entails applying quantum gates classically and iteratively within the
quantum algorithm. The system optimization is then tuned further by a classical optimizer
to set the quantum circuit parameters and the quantum computer to evaluate the cost
function for each parameter set. In the end, the optimal set of parameters is identified,
which reduces the vibrations and improves the ride comfort of the suspension system to
the best possible. The operational process entails preparing qubits to a certain initial state,
manipulating the qubits through quantum gates to achieve the desired superpositions
and entanglements, and then measuring the qubits to obtain computational outputs. This
example demonstrates that gate-based quantum computing can go beyond the theoretical
applications to real-life, real-world engineering problems [100-102].

Quantum Annealing

Quantum annealing is a specialized form of quantum computing designed to solve
optimization problems by finding the global minimum of a cost function; its workflow
is shown in Figure 14, and its applications are described in Table 18. It leverages the
principles of adiabatic evolution and quantum tunneling to explore the energy landscape
of the problem. The process begins with a simple initial Hamiltonian Hj, whose ground
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state is easy to prepare, and the system evolves slowly to a final Hamiltonian H¢, which
encodes the optimization problem. The time-dependent Hamiltonian is given by:

H(t) = (1 —s(t))Ho + s(t) He,

where s(t) is a schedule function that transitions from 0 to 1 over time. If the evolution is
slow enough (adiabatic), the system remains in the ground state throughout the process,
eventually reaching the ground state of Hc, which represents the optimal solution.

The cost Hamiltonian H¢ is typically formulated as a Quadratic Unconstrained Binary
Optimization (QUBO) problem:

He =Y Qixixj+ ) Qixi,

i<j i

where x; € {0,1} are binary variables, and Qj; are coefficients that define the problem.
This formulation of the Hamiltonian is effective in optimizing parameters such as camber,
caster, and toe under dynamic conditions [103-105]. Quantum annealing is particularly
effective for solving combinatorial optimization problems, such as the traveling salesman
problem or resource allocation, because quantum tunneling allows the system to escape
local minima and find the global minimum. Unlike gate-based quantum computing,
quantum annealing does not use quantum gates but relies on the continuous evolution of
the system. This makes it less general-purpose but highly efficient for specific optimization
tasks. Companies like D-Wave have developed quantum annealers that implement this
approach, making it a practical tool for real-world optimization problems.

Quantum Annealing System

Problem Encoding

i

Hamiltonian
Representation

l

Qubits

Annealing Process

Energy Minimization

]

Optimal Solution

Figure 14. A workflow of a quantum annealing system which is used for solving optimization
problems.
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Table 18. Applications of quantum annealing.

Application Purpose How It Works

Quantum Used to solve combinatorial

Annealing for ~ optimization problems like the

Optimization traveling salesman problem, Steps:
proteir} folding, and resource e Encode the problem in a cost Hamilto-
allocation. nian Hc.

e  Start from a simple initial Hamiltonian
Hj and evolve slowly to H¢ using:

H(t) = (1—s(t))Ho +s(t)He,

where s(f) transitions from 0 to 1.
e Use quantum tunneling to escape local
minima and find the global minimum.

Main Equation:

He =} Qixixj + ) Qiixi,
1

i<j

where x; € {0,1} and Q;; are coefficients.

Quantum Accelerates tasks like training
Machine neural networks and clustering ~ Steps:
Learning data. e Pormulate the machine learning prob-

lem as a QUBO.

*  Minimize the total distance between
data points and cluster centers to find
the optimal assignment.

Main Equation:

N K ,
He =YY zillxi — pell®,
i1 k=1

where x; are data points, i are cluster cen-
ters, and zj indicate if data point i belongs
to cluster k.

5. Conclusions and Future Work

This systematic review has covered the latest developments in the optimization of
the independent automotive suspension systems. It has integrated classical artificial in-
telligence methods such as Genetic Algorithms, Particle Swarm Optimization, Gradient
Descent, and Ant Colony Optimization with emerging quantum computing approaches,
including gate-based methods and quantum annealing. These methods enable effective
solving of multi-criterion optimization problems in suspension design that consider con-
flicting criteria such as comfort, handling, safety and durability. The review shows that
innovative optimization strategies have improved the accuracy of adjusting suspension
parameters—camber, caster, and toe—by enabling designers to search through a vast and
complex design space and find Pareto optimal solutions. This is a great enhancement over
the traditional linear models, which were rather ineffective in describing the non-linear
and dynamic behaviors of modern automotive systems. Also, the integration of real-world
knowledge from current engineering practices has further confirmed the practical appli-
cability of these computational techniques. Despite these advances, several challenges
remain. The practical application of these techniques is constrained by high computational
costs, limited real-time adaptability, and the gap between theoretical models and practical
implementation. Moreover, although quantum computing offers promising exponential
improvements in tackling NP-hard optimization problems, its practical application in
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automotive suspension design is in the nascent stages and requires further refinement.
The findings of this review underscore the transformative potential of interdisciplinary
approaches that combine Al and quantum computing. These integrated strategies have the
capacity to revolutionize automotive suspension design by enhancing system performance
and safety and by adapting to a wide range of dynamic driving conditions.

Further research should focus on developing hybrid optimization approaches that
combine the strengths of classical Al methods with the exponential potential of quantum
computing techniques. It is important to note that emphasis should be placed on real-time
optimization strategies for adaptive suspension systems, and that theoretical models should
be rigorously validated against experimental and real-world data. Furthermore, exploring
advancements in quantum algorithms such as the Quantum Approximate Optimization
Algorithm (QAOA) and quantum annealing could unlock new efficiencies in tackling the
NP-hard nature of suspension design problems. Future studies might also investigate
the integration of adaptive materials and smart sensor networks to develop suspension
systems that can dynamically adjust to varying road conditions. This research direction will
be crucial in bridging the gap between computational innovation and practical automotive
engineering, ultimately leading to the next generation of intelligent, high-performance
suspension systems.
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