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Abstract

The sensitivity analysis for the design of an automotive push-rod suspension is discussed.
Conventional iterative design cycles rely heavily on repeated CAD and Finite Element
Method (FEM) analyses. Here, the initial design is based on an alternative and uncommon
approach. A pre-CAD diagram of the entire vehicle (for FSAE competition) integrated
with drivers is fully parameterized. A series of simulations in which the virtual driver
inputs are repeated while the geometry of the suspension varies is executed. A database
with isolated geometric effects on suspension loads and performance is obtained. By
employing multivariate regression techniques, specifically Response Surface Methodology
(RSM), the complex (often nonlinear) relationship between design inputs and structural
outputs is mapped. The geometric inputs for this optimization include the coordinates
that define the lengths and angles of the suspension triangles, the kingpin angle, the hub
length, and aerodynamic downforce coefficients. The key performance indicators analyzed
include corner exit speed loss, load and force distribution on the tires and main suspension
joints, and the roll and pitch angles of the chassis. This methodology allows for the rapid
identification of an optimal design configuration, avoiding trial and error and reducing
development time and costs. The proposed framework demonstrates how RSM can enable
the configuration of an optimal push-rod design with enhanced performance characteristics
and improved manufacturing efficiency. Different case studies based on the mentioned
input–output are analyzed to validate the approach in a practical manner.

Keywords: efficient suspension design; car digital twin; sensitivity analysis; multivariable
design; push-rod

1. Introduction
Automotive engineering research has historically focused on vehicle design, especially

its dynamic behavior. Conventional methods primarily focus on macroscopic factors such
as vehicle mass, moments of inertia, wheelbase, track width, center of gravity position, and
shock absorber properties (stiffness, damping, and mounting points) [1,2]. Unquestion-
ably, these characteristics are essential for comprehending and forecasting basic dynamic
phenomena such as pitch, roll, rollover tendency, and sliding [3,4]. Considerable progress
has been achieved in optimizing these traditional characteristics, frequently using complex
techniques that range from the incorporation of mechatronic components for comfort en-
hancement to optimal design strategies [2]. In recent decades, there has been a growing
interest in using artificial intelligence and sophisticated computer methods to improve
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safety assessments and vehicle design. Predictive maintenance and thorough system analy-
sis now have more options because of the development of digital twin models [5]. Robust
simulations and optimization are made possible by the dynamic, real-time representation
of physical systems provided by these models. Simultaneously, the examination of ve-
hicle running safety has evolved significantly in the field of reliability engineering [6,7],
frequently incorporating cutting-edge deep learning techniques for trajectory control and
dynamic analysis [8]. These studies demonstrate how the tools accessible to designers are
becoming more sophisticated and complicated, allowing for more in-depth examinations
of how vehicles behave in different scenarios.

Notwithstanding these developments, there is still a significant gap in the methodical
examination of less obvious variables related to suspension parts. Although the significance
of the overall suspension configuration is widely recognized [1,2], less is generally known
about the specific design decisions made at the component level, such as the lengths
and angles of the push-rod arms, their orientations, the placement of uniballs, the hub
length (and its direct impact on track width), and the exact point at which the push rod
is attached to the lower control arm. These decisions have both isolated and combined
effects on the overall dynamics of the vehicle. Research is frequently focused on the
macroscopic results of suspension design rather than the complex geometric aspects that
determine these results [9]. For example, research on resilient optimization or optimal
suspension design [1,2] usually ignores the subtle but important effects of these intricate
geometric factors by treating the suspension as a black box or oversimplifying its kinematic
chains. Comparably, although digital twins are effective [5], there is less information
on how they may be used to precisely optimize the geometry of individual suspension
components before physical prototyping to identify hidden design factors. The optimization
of proven, macroscopic suspension characteristics (such as stiffness, damping, and general
architecture) is the main emphasis of other works [10]. The finer geometrical features of
suspension parts (such as push-rod arm angles and uniballs placement) and how they
specifically affect dynamics are not covered. The driver’s role in vehicle dynamics models is
also commonly left out or oversimplified in the present studies. It is less typical to integrate
an explicit, realistic driver model in the context of suspension design optimization, even
if some research uses sophisticated control techniques [11] or vehicle state prediction for
autonomous driving [12].

By carefully examining the effects of these “less intuitive” suspending variables,
this work directly tackles these noted weaknesses. Our study explores the subtle yet
significant impact of geometric elements on vehicle dynamic behavior, in contrast to
earlier investigations that mostly concentrate on well-established characteristics. Here,
the separate and combined effects of variables such as hub length, push-rod attachment
points, uniballs location, and push-rod arm angles are methodically examined. Digital
twins [5,13,14], AI for dependability [6–8], and generic vehicle dynamics prediction using
AI [15–23] are all covered in several studies. Despite their strength, these studies frequently
fail to apply these sophisticated techniques to the issue of pre-CAD optimization. Iterative
CAD and physical prototyping are common components of traditional design processes,
and they can be expensive and time-consuming. Before actual CAD prototyping, the
methodology allows for the prediction of vehicle behavior and the identification of the
best suspension setups (Section 3). This results in significant time and cost savings for the
design process, enabling designers to arrive at the CAD stage with a highly optimized
setup and knowledge.
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2. Methodology and Setup
The push-rod suspension is a type of independent suspension system commonly used

in high-performance vehicles, particularly in motorsports. Its design is intended to allow
for greater control over the vehicle’s dynamic behavior. The core of the mechanism involves
a push rod that is connected from the lower arm to the rocker using uniballs. The rocker
then acts as leverage on a horizontally or vertically mounted spring-damper unit.

This design offers several advantages. By moving the heavy spring-damper unit
inboard, away from the wheel, the push-rod system reduces the overall unsprung mass.
This improves tire contact with the road [24–26], leading to better grip, handling, and
ride comfort. This configuration allows engineers to precisely control the suspension’s
motion ratio, which defines the relationship between the wheel’s vertical movement and
the spring’s compression. This offers a high degree of tunability for fine-tuning the vehicle’s
kinematics. As readers may imagine, the design of a push-rod suspension involves many
parameters that can be varied to achieve specific performance goals.

Geometric coordinates, lengths, and angles of the suspension triangles are possible
design factors. Another one is the kingpin angle, defined as between the steering axis and
the vertical axis (points p1 and p4 in the figures below). Hub length is the distance from the
center of the wheel to the suspension attachment points.

Aerodynamic downforce coefficients are also mentioned here as they are used to
simulate the dynamic load on the vehicle from the front and rear wings. The objective
function is what the optimization process aims to improve. In this case, the goal is to
optimize a generic multivariable function that represents a combination of the following
key performance indicators (KPIs). Corner exit speed, load and force distribution on the
tires and suspension joints, vehicle stability, and roll and pitch angles are examples of
outputs that will be analyzed.

In the context of the RSM, “factors” refers to the process of creating a database of
samples based on changes in the configuration of the simulated system and the resulting
recorded output changes (unless there is no connection). This study uses several crucial
areas to schematize the full push-rod suspension that is currently being built, as depicted
in Figure 1.

 

Figure 1. Eight critical points (x,y,z) useful to define the geometry of the front left push-rod suspen-
sion.

Every important point and every basic geometry (rods and cylinders) formed between
two of these points represents a pre-CAD suspension, known as a scheme. The first seven
points (p1, . . ., p7) are visible to the readers. The connection between the rocker and the
push rod, the rocker and the chassis, and the rocker and the shock absorber generate three
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more points (p8, p9, and p10). Another point (p11) can be added if the shock absorber’s
variable orientation inside the monocoque is considered. The real geometry is customizable,
and each point has three Cartesian coordinates that can be altered in space. The 11 strategic
points are represented by the 33 potential factors for an RSM analysis (and others may
be defined).

The foundation of this regression analysis is a mathematical model that attempts
to match the point cloud of the dataset by generating a polynomial hypersurface of N
terms and order O. Mathematically, this means that at least P trials are needed, where P is
equal to (1):

P =

(
N + O

N

)
=

(
N + O

O

)
=

(N + O)!
N!O!

(1)

If N = 33 and O = 2 (2nd-order model), 595 tests are needed in this case. The number
may become higher to statistically validate the regression analysis. In fact, 595 is the
minimum number of tests (spatial points) required to mathematically define the regression
hypersurface. Therefore, it is essential to try to lower N. However, mono-variable analyses
cannot lead to the identification of the mixed effects (related to the simultaneous variation
of two or more variables, translated into the presence of relevant mixed terms in the
polynomial equation of the regression surface).

Readers may opt for a trigonometric parameterization of suspension, which is rec-
ommended. This aids in avoiding nonsensical/non-working designs. In Figure 2, a
trigonometric method is displayed.

 

Figure 2. Trigonometric design of push-rod suspension with Lagrangian variables.

The reader is free to customize the parameterization of the model. In the figure, only
two of the three angular variables are independent, as, for instance, g is determined by
the fluctuation of a and b. Depending on whether the y-coordinates of the four uniballs
between the control arms and the chassis are fixed (in this case study, the chassis is already
manufactured), l1 and l2 dimensions (in Figure 2) may or may not be taken into account.
Tire lateral, longitudinal, and radial stiffnesses, wheel and rim diameters, aspect ratios,
static and dynamic friction coefficients, wheel rolling resistance, and other variables can all
be modeled using UA-tire models. The tire model utilizes a simplified representation of
the tire properties (e.g., a basic curve or a simplified Pacejka model) suitable for general
dynamic analysis, but it does not account for complex thermal effects or highly nonlinear
dynamics at the limit of adhesion.
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As stated in the Introduction, a driver model based on Dempster anthropometry is
now included in the digital twin of the FSAE vehicle [27,28]. Since drivers account for a
significant percentage of total weight, it is essential to consider them in the model with
their hypothetical weight distribution. Each body segment is divided into rigid bodies
with centers of mass, weights, and moments of inertia like those of a real driver [29,30].
Literature offers different examples related to this topic [28]. To replicate the vibratory
impacts and natural movements when driving as much as possible, the driver is attached to
the car by suitable bushing joints with variable stiffness and damping, as seen in Figure 3.

Figure 3. The driver model divided into main segments and integrated into the monocoque to
complete the digital twin used in simulations.

In this figure, AHP is the acceleration heel point, HP is the H point, and SP is the
shoulder point. These points serve as crucial joints, with three axes of rotation passing
through them to represent the main rigid body movements of the virtual mannequin. This
model, based on Dempster anthropometry, is integrated into the vehicle’s digital twin to
more accurately account for the driver’s weight and dynamic movements [31].

2.1. Analysis of Variance and Most Influential Variables

The RSM on which the ANOVA is based finds numerous confirmations in the liter-
ature [32–40]; they demonstrate its effectiveness in the study of complex systems and in
the identification of key design variables. The RSM regression models developed from the
test of the generic dataset representative of the system (simulated or real) can be linear or
of polynomial order greater than 1. For instance, a 2nd-order polynomial hypersurface
follows the following generic Equation (2):

y = β0 +
k

∑
i=1

βixi +
k

∑
i=1

βiix2
i + ∑

i<j
βijxixj + ϵ (2)

The weights βi must be identified based on the fit with the point cloud in the database.
If the effects of the N factors are only linear, the model can be reduced to a hyperplane. The
Pearson correlation coefficient in a mono-variable analysis is expressed by (3):

R2 =
∑n

i=1(xi − x)(yi − y)√
∑n

i=1(xi − x)2 ·
√

∑n
i=1(yi − y)2

=
Cov(X, Y)

σXσY
(3)

Here, xi and yi are input and output vectors, x and y the average values, and n the
number of tests. Since the study is rigorous and impacted by a low computation error rate,
high coefficients are expected (even in the 95–98% range).

Several design models can be used to build the final database for the ANOVA model.
The full factorial design entails modeling every possible combination, MN , if N factors
(inputs), each of which is made to vary M times (levels), are considered. A reduction
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in testing is possible with other designs, such as the Box–Behnken design, the Central
Composite Design (CCD), the Doehlert design, and Latin Hypercube Sampling (LHS),
although the dependability is typically lower. Although random factor level generation can
also be effective, a balanced investigation of the domain cannot be ensured with a few trials.
Because of this, it would be beneficial to obtain real-time data from physical simulations or,
based on the concept in the Introduction, virtual simulations. Tests conducted using single
mono-variable simulations cannot compare to the volume of data generated by live-time
telemetry. The vehicle’s virtual model is then tested by reconstructing circuits with bends
that have different speeds and turning radii. The car is driven multiple times with limited
braking and at top speed (about 100 km/h).

2.2. Optimization Methodology

When the RSM design is selected (CCD, full factorial, Doehlert, ...), the process is
carried out as follows. A high number (500 here; readers may opt for a higher value of tests)
of simulations on the vehicle’s digital twin is performed to generate the dataset. In each
simulation, design variables (inputs) are strategically varied, recording the corresponding
performance outputs. The database is then subjected to an ANOVA; Pareto charts and
Normal plots are generated together with the final regression equation and table of p-values.
These visual tools highlight the most influential design variables and those with minimal
impact, focusing the optimization process on the key variables.

A second-order (or higher) polynomial regression model is generated at the end. The
choice of a second-order model is crucial for capturing the nonlinearities and interactions
between variables that a linear model would fail to detect. Defining the regression model
means identifying the βi coefficients of the following system (4):

y1 = β0 + β1x11 + β2x12 + . . . + βkx1k + ε1

y2 = β0 + β1x21 + β2x22 + . . . + βkx2k + ε2
...

yn = β0 + β1xn1 + β2xn2 + . . . + βkxnk + εn

(4)

Output yi is calculated based on input xij and weights. The system can be rewritten in
matrix form (5):

y =


y1

y2
...

yn



X =


1 x11 x12 . . . x1k

1 x21 x22 . . . x2k
...

...
...

...
...

1 xn1 xn2 . . . xnk


(5)

Finally, it is possible to calculate the b factors using the following Formula (6):

(
XTX

)−1
XTy =

β0

β1.
βn

 (6)

This model easily avoids overfitting, as the curvature of the regression space remains
constant. The polynomial enables the identification of optimal or sub-optimal config-
urations. These configurations are mathematically pinpointed by searching for points



Appl. Sci. 2025, 15, 11887 7 of 16

with a zero gradient, where the regression model predicts the best performance for the
desired outputs (7).

∇ f (x1, x2, . . . , xn) =
→
0 (7)

∇ f is the symbol of the gradient, a vector operator that contains all partial derivatives
of a function. Then, f (x1, x2, . . . , xn) is the objective function, and x1, x2, . . . , xn are the
input variables, i.e., the suspension design parameters (e.g., kingpin angle, hub length, and
so on). More details about DOE, RSM, and ANOVA are in [41].

In summary, this optimization method is not limited to a manual iterative process. It
leverages the power of simulations to build predictive models guiding the identification
of the most efficient suspension setup, relying on a suite of established software and
modeling approaches. The core of the analysis is built on commercial proprietary software
for dynamic simulation (Nx Motion v. 39.0, used here, or others such as Recurdyn, Adams,
Matlab), which is used to create and test the high-fidelity 3D digital twin of the vehicle
and suspension. The vast database generated from these simulations is then processed
using RSM/ANOVA analysis software (such as Minitab or Design Expert) to construct
the predictive polynomial regression model, utilizing a standard commercial license. The
digital twin integrates a Dempster anthropometry-based driver model, developed based on
the established literature, to accurately account for the driver’s dynamic mass distribution.
Finally, the model incorporates a simplified version of standard UA-tire models to simulate
tire–road contact forces, ensuring applicability to general dynamic analysis without adding
the complexity of nonlinear thermal effects.

3. Results
In the first analysis, the vehicle performs the same types of curves (J-shape and slalom)

with variable radii, curvatures, and speeds. The driver’s behavior remains unchanged.
This allows for the detection of dynamic fluctuations that are sensitive to changes in the
geometric inputs throughout the experiments. A visualization of the single-seater’s inputs
is shown in the graph in Figure 4.

Figure 4. First example of the driver’s input telemetry kept constant during simulations.

The vehicle is subjected to a range of testing and operating modes to highlight all
significant loads and investigate all the anticipated behaviors. Figure 4 illustrates the
driver’s J-trajectory. Other tests involve twisting, slaloming, steering, and acceleration. The
main outputs are acceleration and braking durations, the maximum roll angle measured,
the end speed, the position of the chassis (x; y) on the ground plane (trajectory), the direction
of the speed vector at the end of each curve (yaw angle, to obtain information on oversteer
and understeer), and the forces in the main suspension joints (F1. . .F11). All simulations
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assume an ideal, flat, and dry road surface with consistent friction properties. The influence
of varied road roughness, imperfections, or wet/low-grip conditions is not considered.

3.1. Analysis of the Variation in Individual Variables on Specific Outputs

It is not possible to provide every single result here. Some example results are shown.
The reader is free to customize their analysis. For instance, Figure 5 shows that the variation
in the kingpin angle alters the force peaks occurring on the relative uniballs, despite the
vehicle inputs and the way they curve always being the same. In fatigue sizing, this effect
must be weighed together with those related to performance.

Figure 5. Force on spherical linkages 1 and 4 (arms–knuckle) varying with kingpin angle.

The transverse load transfers (between the wheels inside and outside the curve) clearly
change when the vehicle’s width (t) is changed. Road holding, grip, and tire-to-ground
contact are all impacted by these factors. However, excessive load transfers run the danger
of decreasing the inside wheels’ grip on the bend, making it harder to steer and maintain
the curve.

At the same time, by varying the angle d (this is the measurable angle of the upper
arm when the vehicle is stationary; see Figure 2), the compression force F7 of the push-rod
element changes, discharged directly on the shock absorber. This undoubtedly alters the
stability of the vehicle. In modern F1 cars, the upper arms are often angled upwards
(“anedrons”) at the point of attachment to the chassis. This inclination is mainly dictated
by aerodynamic reasons, allowing for cleaner airflow under the bottom of the car, which is
crucial for generating downforce. However, they also have a net effect on the change in
camber of the tire during curved trajectories. These last two aspects are graphed in Figure 6.

Figure 6. Alteration of load transfers and push-rod force due to geometry changes.

An example of ideal control, according to the authors, involves changing the maximum
translation of the steering rack during the curve. For example, in Figure 7, it is notable
how entering a curve at a constant initial speed (avoiding accelerating/braking during
execution) changes the exit speed as the turning radius changes. Here, the vehicle begins
to steer at 7 s, for 3 s, reaching the maximum steering rack translation at 8.5 s. The kinetic
energy lost by the vehicle is therefore measured in a “pure” way, depending only on
geometry and steering, without the intervention of accelerating or braking effects.
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Figure 7. Kinetic energy is lost by the vehicle when cornering due to the different turning radii.

From the two graphs, when the vehicle does not steer, the losses of kinetic energy and
speed are linear and depend on friction with the ground (in the absence of aerodynamic
loads). This situation is represented by the horizontal curve (zero) in the steering input
graph and the highest curve in the final velocity fraction analyzed. Increasing the turning
radius then causes more slowdown as indicated. When cornering, other interesting effects
are observed. For example, S-curves (slalom) allow for the identification of further links
between design variables and outputs. For example, Figure 8 shows the effect on the
roll angle and camber angle of the front wheel linked to the maximum translation of the
steering rack (tsr in the figures; measured in mm). It is noticeable that even in this case, a
physical limit is reached because the curves tighten within a sinusoidal boundary as the
maximum steering increases. Beyond those values, the vehicle and the tires do not go, and
a loss of grip will probably happen.

Figure 8. Rolling angle on chassis and camber angle variation in FL wheel due to different maximum
steering radii.

Similarly, Figure 9 shows vertical and lateral forces recorded on the tires during the
slalom. In this case, the grip limits have been reached too, and the suspension will not
suffer higher loads due to curvature. The force limits that the suspension components will
undergo are identified at this point. Beyond these limits, the vehicle will lose grip.

Figure 9. Vertical and lateral load on front left wheel during slalom (adherence limit).

In a rigid body model, it is challenging to integrate information related to fluid
dynamics, as the two domains are often treated separately. However, if drag and downforce
coefficients (cd and cl) of an aerodynamic component of the vehicle (such as front wing, rear
wing, spoiler, etc.) are known from CFD analyses, it is possible to define forces acting at the
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centroids of these elements to account for their effects, calculated based on the change in
vehicle speed, as in (8). {

Fd = 1
2 ρ cd A v2

Fl =
1
2 ρ cl A v2 (8)

Here Fi is the drag or lift force on the vehicle, ρ is the density of the air fluid, ci is the
drag (first equation) or downforce (second equation) coefficient, A is the area of impact
of the vehicle, and v the relative velocity between the vehicle and the flow, calculated in
each frame of the simulation. For example, in some dynamic characterization tests, a front
wing was added to the vehicle, and the downforce coefficient was varied. Complex airflow
interactions or transient aerodynamic changes due to vehicle pitch and roll are considered
simplifications of the real-world scenario. The increased load on the front axle enhances
the vertical force and the grip of the front tires. As a result, the lateral force generated by
the tires also increases accordingly. Figure 10 shows the trends related to this effect.

Figure 10. Vertical and lateral loads on front left and right wheels vary with cl (0–1.5).

It is clearly observed that as cl increases from 0 (absence of aerodynamic element)
to 1.5, both the loads involved and the vehicle’s grip properties improve. Similar tests
allow for the analysis of additional results, such as the effect of cl on the vehicle’s lateral
slip velocity or on the self-aligning moment of the wheels. In the first of the two plots
(Figure 11), the steering wheels anticipate the peaks in slip velocity by a few tenths of a
second. If the front (steering) wheels experience greater slip, the slipping effect on the rear
wheels is consequently slightly reduced. In the self-aligning moment plot in Figure 11, it
is also evident that the grip limits of the tires are reached, resulting in a drop in aligning
torque during moments of maximum curvature. In these simulation instances, the wheel
loses lateral adherence.

Figure 11. Lateral slip speed and self-aligning moment varying with the cl coefficient (0–1.5).

3.2. Multivariational Analysis of Ten Variables on the End-of-Curve Velocity

To sum up, comprehensive vehicle mapping is useful to identify several key param-
eters to define suspension behavior. As the most important variables are mapped, the
suspension’s behavior is predictable. Some of the design variables’ (not related to the
driver or engine) most influential impacts on the outputs are identified in the following
list: κ, δup, βup, γup, h, rx, δlow, βlow, γlow, and d. They are already described in Figure 2
and characterize the geometry and mounting of the two suspension arms and the hub
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carrier. An initial configuration of the vehicle is not defined because simulations can be
immediately used to generate the database. On the other hand, a range of variations can be
defined: [0◦; 12◦] per κ, [0◦; 10◦] per δup and δlow, [60◦; 70◦] per βup and βlow, [60◦; 70◦]
per γup and γlow, [185 mm; 235 mm] per h, [590 mm; 680 mm] per rx, and [10 mm; 100 mm]
per d.

The system needs to be sampled with numerous tests to find any second, third, or
more nonlinearities. For this reason, 500 J-curve tests are carried out by randomly varying
the values of the ten variables (respecting the range for each). Tests are set up as previously
described. The simulations are set in an automated way with Nx Motion, but readers are
free to use different simulation software. Pareto diagrams related to corner exit speed are
displayed in Figure 12 to help identify the design elements that have the most effect on the
vehicle’s behavior around curves (using the Matlab DOE module or commercial software
like Minitab or Design Expert). It is clear to the reader that comparable evaluations can
be conducted for each of the design’s outputs (all Fi forces, roll and pitch angles, and
pneumatic load transfers).

Figure 12. Pareto charts related to the main effects on final speed and yaw at the end curve of
the vehicle.

The high correlation coefficients (Figure 12) derived from the model suggest that it
is reliable. Limiting the multivariable regression to the second order is certain to exclude
possible overfitting situations.

The prime gradient of the resultant n-dimensional hypersurface can be studied since
it is composed of a polynomial equation. Local maximums or minimums are anticipated at
zero locations, and these serve as the design’s references.

It is possible to set a speed-maximizing target on the angle of exit from a particular
curve (or set of curves) if the primary goal is to ensure that there is no under- or oversteering.
For instance, a first optimal design solution can be achieved by optimizing steering, as
seen in Figure 13. This design input configuration optimizes steering, maximizing corner
exit speed and ensuring good balance between front and rear slip angles, ensuring no
oversteering/understeering.

 

Figure 13. An optimal solution for a specific aim (optimize steering speed during the slalom test) and
three frames extracted by the final animation (post-calculation).

The numerical values of these design parameters satisfy the zero-gradient condition of
the RSM model according to the equations already mentioned in paragraph 2. The reader
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is free to define a specific RSM template to optimize a different output. As can be deduced
from the table, a low kingpin angle (κ=3◦) is advisable. The upper angle βup is optimal if
set to the minimum, with the lower angle set to the maximum. This can lead the designer to
extend the range of analysis (however, this is limited by spatial constraints between chassis
and bodywork).

4. Discussion
The findings presented in the previous section demonstrate how the geometry of

suspension components directly influences vehicle dynamics under various operating
conditions. Unlike traditional black-box suspension models, this study isolates and quanti-
fies the effects of specific geometric variables, such as track width, push-rod angles, and
uniballs placement, on critical outputs like roll angle, lateral load transfer, and wheel force
distribution. This granularity enables a deeper understanding of how small geometric
changes propagate through the system and affect performance. The high correlation coef-
ficients obtained in the RSM and ANOVA analyses validate the predictive power of the
regression surfaces, confirming that nonlinear dependencies exist between input variables
and performance metrics. For instance, the observed nonlinearity between the steering
rack stroke and both roll angle and camber angle reveals an upper boundary beyond which
increasing steering input results in no further performance gain and may even induce
tire grip loss. This effect aligns with theoretical tire models and real-world observations,
where excessive steering leads to diminishing returns in lateral force generation due to slip
saturation. Additionally, the integration of aerodynamic forces modeled through down-
force coefficients derived from CFD data further illustrates how suspension optimization
cannot be decoupled from vehicle aerodynamics. The results highlight how increased
front axle load enhances grip but also shifts dynamic balance, affecting slip velocities
and self-aligning moments. This indicates that geometry optimization should ideally be
performed in conjunction with aerodynamic and chassis-level considerations. Another
important aspect emerging from the simulations is the effectiveness of a comprehensive
digital twin model that includes a driver representation. By accounting for driver-induced
load variations and dynamic interactions, the results more accurately reflect real driving
scenarios, where the interplay between human and machine is non-negligible.

The multivariate regression framework also provides a useful tool for early-stage
design. By analyzing Pareto charts and hypersurface gradients, designers can identify
dominant variables and their optimal ranges without the need for exhaustive CAD itera-
tions. This methodology is particularly valuable in performance-driven contexts, such as
motorsports, where design cycles are constrained by time, and minor performance gains
can yield significant competitive advantages. Future improvements could include the inte-
gration of time-dependent variables, such as damper rates and real-time aero adjustments,
or the coupling of the digital twin with machine learning agents capable of simulating
diverse driving styles and adapting setup recommendations accordingly. It is important
to note that the effectiveness of the method is also based on the reliability of simulation
software (commercial or non-commercial), whose accuracy is generally validated in the
literature [42–47] but certainly requires physical validation in every project. The very
existence of such tools and their widespread use in the automotive and racing industries
confirm the validity of predictions based on virtual models.

The proposed model and methodology possess high applicability in real-world prod-
uct development, specifically targeting the early-stage conceptual design (pre-CAD) phase.
Its primary value lies in its capability to efficiently optimize critical geometric parame-
ters (e.g., track width and kingpin angle) before committing resources to detailed CAD
modeling and physical prototyping. This approach yields a significant reduction in devel-
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opment time and cost. While the model effectively identifies the relative optimum within
the defined design space, the results serve as high-value input for subsequent advanced
design engineering (CAD/FEM). Due to necessary simplifications (e.g., simplified tire
and aerodynamic models), the final design derived from this study requires subsequent
experimental validation on a physical prototype to confirm absolute performance metrics
under real-world driving conditions. Future developments may involve the experimental
validation of the optimized design on a physical prototype, integration of advanced non-
linear tire models (e.g., full Pacejka) to enhance prediction fidelity at adhesion limits, and
aero-suspension interaction optimization by including more complex aerodynamic design
variables. Furthermore, the enhancement of driver model fidelity to incorporate driver
perception and control response may be considered, with the development of real-time
suspension adaptation strategies using RSM-derived sensitivity maps and telemetry data.

5. Conclusions
This study shows how a vehicle’s dynamic behavior can be significantly impacted

by the suspension system’s many geometric factors. Prior to any CAD modeling, we
determined the most important design parameters using a systematic approach that com-
bined single-variable and multivariable simulations on a full-vehicle digital twin (with an
integrated driver model).

The vehicle’s track width was found to be one of the most important factors affecting
load transfer and roll behavior during cornering, supporting theoretical predictions among
the variables examined. Additionally, there was a noticeable impact from the upper control
arm’s kingpin angle and inclination, especially on camber behavior and force distribution
at suspension joints. Furthermore, nonlinear interactions and linked effects that would
otherwise be impossible to detect through isolated testing were discovered through the
combination of ANOVA and RSM.

Further improving simulation realism and guaranteeing that outcomes take into
consideration the linked nature of driver–vehicle dynamics was achieved through the
incorporation of a Dempster-based driver model. By using this method, designers can
achieve a high level of setup optimization prior to a physical prototype, which saves money
and time during the early stages of development. This approach might be expanded on
in future research to incorporate track-specific aerodynamic interactions, telemetry-data-
driven real-time adaptation tactics, or experimental validation on prototypes with telemetry.
Both racing and production vehicle development benefit greatly from the overall technique,
especially when rapid iteration and system-level optimization are needed.
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