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ABSTRACT This study investigates how the optimal driving position is shaped by the forces acting on
the driver and the performance requirements of an FSAE vehicle. Using a comprehensive dataset based
on a parametric model, key SAE-standardized input variables are parameterized: the horizontal and vertical
coordinates of the H-point, the horizontal distance between the AHP and H-point, the seatback angle, and the
steering wheel position. The objective is to identify the ideal driving setup that balances vehicle performance
with driver comfort. ANOVA is utilized to determine which of these ergonomic factors most significantly
affect acceleration performance, while artificial neural networks provide a comparativemethod for validating
results and predicting outcomes for new configurations. The novelty of this study lies in integrating driver
positioning dynamics into performance optimization, providing a systematic approach to vehicle design
before the CAD prototyping phase.

INDEX TERMS Vehicle dynamic, ANOVA, neural networks, ergonomics optimization, product architec-
ture.

I. INTRODUCTION
The seated posture inside a vehicle significantly influences
driver performance and control. The driver should safely
operate the vehicle with adequate space and reachable con-
trols [1]. Ergonomic principles are essential in optimizing
posture. Tools like RAMSIS can simulate driver posture and
optimize cabin layout based on human comfort evaluations.
The integration of additive technologies in the seat design
phases brings to study custom solutions using low-cost mate-
rials [2], [3], [4]. Adjustments such as moving the steering
wheel and seat can enhance comfort for drivers of different
heights and sitting positions as known in literature [5], [6].

However, many of these studies rely mainly on subjective
or visual evaluations provided by participants, which limits
their rigor and reliability [7]. Simulation-based methods can
determine optimal driver seat adjustment ranges. Optimizing
suspension parameters can improve ride comfort and reduce
vertical acceleration at the driver’s position, enhancing over-
all vehicle smoothness [8], [9]. Road type and driving style
also significantly influence driver maneuvers. For this reason,
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studies in literature focus on the analysis of driver behav-
ior in different road conditions [10]. Conducting ergonomic
assessments and subjective evaluations validates optimiza-
tion schemes and ensure driver comfort and safety [11].
Hybrid methods in literature combine approaches such as
boundary manikin and special population to accommodate
diverse drivers based on stature and weight, including preg-
nant women [1]. The driver’s vehicle control significantly
influences the behavior of the entire system, and specific
events and patterns during cornering of a race car are analyzed
to describe individual driving style [12]. Constructing mus-
culoskeletal models based on biomechanical characteristics
can help optimize the seating arrangement for different body
types, enhancing comfort and reducing strain [13].
The integration of neural networks (ANNs) in these

studies has often proved beneficial for optimizing vehicle
design [14]. Both performance and safety topics are usually
involved [15], together with ergonomic [16], and braking time
tests [17]. The use of predictive numerical models is efficient
if these can represent the real behavior of vehicles prop-
erly [18], [19], [20], [21], [22]. A major challenge in these
tests is the high demand for large amounts of data [23]. The
comparisonwith real-time sensors’ data usually demonstrates
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a good replication of the real behavior in virtual reality [24].
Response surface methodology (RSM), based on the analysis
of variance (ANOVA), is often the best practice to map the
behavior of the vehicle. This method allows for the recog-
nition of influencing and not-influencing factors as a good
decisionmodel for designers [25]. Sometimes, RSM, analysis
of variance and ANNs are used together. This integration
usually works, as the RSM and ANNs results are estimated
using different methods applied on the same database [26].
However, this integration to case specific studies related to
drivers and passengers is still uncommon. Often only RSM is
used avoiding multi-method approaches [27]. Another lim-
itation is the frequent use of quarter-car models instead of
full-vehicle models. Furthermore, there is also high depen-
dency on the quality of data. The main contributions of this
study attempt to overcome all the mentioned limitations.
Using virtual models of the entire vehicle and the driver
(Dempster approach), loads and vibrations can be predicted
much earlier than experimental tests on real prototypes (as
described in section II). Then, ANOVA and ANNs are used
together and compared to predict the optimal position of the
driver in the vehicle during the early stages of its design devel-
opment (product architecture definition) [28]. Performances
variation and critical driver’s positions may be identified and
corrected anticipating the issue in advanced phases of the
project (section III). With this performance mapping, optimal
configurations of vehicle architecture can be identified to
conduct designers towards optimal choices.

II. PARAMETRIZATION OF THE DIGITAL TWIN AND
DEFINITION OF VARIABLES
The aim of this study is to optimize the driving position of the
driver in a Formula SAE (FSAE) monocoque applying math-
ematical approaches. Two analyses with different outputs
are proposed. The first focuses on optimizing comfort and
minimizing driver loads during acceleration. To maximize
the pitch effect (and associated loads), traction is applied to
the rear axle, while braking is assigned to the front axle.
The second analysis uses the same inputs but is aimed at
optimizing the acceleration performance. The minimization
of the time to reach a speed of 50 km/h from a standstill is the
objective function in the second case. The motor torque law
(50 Nm from engine, 150 Nm on wheels) is the same in all
the simulations. In other words, the driver is doing the same
thing every time. This choice is necessary to isolate the effect
of vehicle-referenced inputs on changes in output forces.
Designers principally need to identify the most significant
factors reaching an optimal configuration.

Six variables are selected and systematically varied to
generate the dataset used for training the neural network in
this study. However, the method is generically applicable to
any field and case study [29]. These variables, along with
their respective ranges, are: horizontal position of H-point
(zHP, in range [500; 900mm]with reference to the front axle),
vertical position of H-point (yHP, [−100; 50 mm]), horizontal
distance between AHP (Acceleration Heel Point) and H-point

(L0, [650; 850 mm]), backrest tilt (a, [30; 70 degree]), hori-
zontal position of the steering wheel (zSW, [−150; 0 mm])
and vertical position of the steering wheel (ySW, [−150;
0 mm]). Fig.1 will be useful for readers to visualize the
parameterization discussed in the digital twin.

FIGURE 1. List of the input factors and mannequin schematization.

The digital twin used in this study is a simplified numerical
model rather than a classic CADmodel, which is a key aspect
of our approach. This allows for rapid and efficient analysis of
a wide range of configurations in the very early design stages,
a significant departure from methods that require full-scale
CAD mockups [30].

A virtual driver model is incorporated into the vehicle to
estimate realistic weights and loads. It represents an 85 kg
subject based on the Dempster anthropometric model. It is
divided into multiple segments, each with defined weights
and moments of inertia, and it can represent the 95th per-
centile of the population. The anthropometric standards for
the 95th percentile dummy are defined by various regulatory
bodies and research institutions. Key references include SAE
International, which provides vehicle ergonomics standards
such as SAE J826 (for H-point machine) and SAE J4002
(driver selected seat position); ISO (International Organi-
zation for Standardization), which publishes ISO 7250 for
standardized anthropometric data; and NHTSA (National
Highway Traffic Safety Administration), which establishes
specifications for crash test dummies like the Hybrid III
95th percentile male dummy. Some references such as
Manouvrier’s tables are used for the lengths of bone seg-
ments. The study does not reach this level of detail and
follows the already mentioned SAE J826 standards and
SAE J1100 for motor vehicle dimensions [30], [31]. In the
model proposed in Fig.1, the closure of the chain represen-
tative of the mannequin must be respected. To understand
the degrees of freedom of the model, Grubler’s formula
can be used. Two different possible initial schematizations
application-dependent are proposed in Fig.2 and Fig.3.
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FIGURE 2. Seating configuration for road cars.

FIGURE 3. Seating configuration for sport cars.

The rigid driver assembly is constrained to the chassis
by two fixed hinges at the ankles and wrists. The feet and
hands are not included in the model. It is intuitive and rea-
sonable to assume that during acceleration, the foot rotates
around an instantaneous center of rotation located at the
ankle. Similarly, the wrist allows relative rotation between the
hand (fixed on the steering wheel) and the forearm (Fig. 3).
A sliding joint is placed at the H-point.

Dempster’s model consists of 11 elements. The head is not
really involved because the upper-right hinge is positioned
at the shoulder. The right arms and legs are symmetrically
positioned like the left ones, leaving five rigid segments.
Each hinge removes two degrees of freedom (horizontal and
vertical translation), while the sliding joint at the H-point,
connected to the chassis by two rods, removes three degrees
of freedom. The final degrees of freedom of the full assembly
are:

DOF = 5 · 3 − 5 · 2 − 1 · 3 = 2 (1)

Two variables are sufficient to uniquely represent the kine-
matic chain (i.e., the driver’s position). Just as in a vehicle,
these can be the seatback inclination and the horizontal

position of the seat relative to the pedals (denoted as a and
L0 in Fig.1).

The proposed model increases complexity by allowing the
chain to open at the steering wheel. It is free to be adjusted
both horizontally and vertically, as its position is not yet
defined in the vehicle design.

Two variables, zSW and ySW, are added to the model.
Finally, the vertical position of the H-point is added to the
model (yHP) together with the positioning of the entire struc-
ture in relation to the front axle of the vehicle (zHP). There
are six total variables. The other geometric quantities used
to close the chain in the are based on trigonometry formulas.
Thanks to the Carnot-Al-Kashi cosine theorem, it is possible
to calculate the angles b and φ. In fact, according to (2):

L23 =

(
L20 + y2HP

)
+ L22 − 2L2

√
L20 + y2HP cosβ

→ β = cos−1

L22 − L23 + L20 + y2HP

2L2
√
L20 + y2HP

 (2)

√
L20 + y2HP is the distance calculated by the Pythagorean

theorem between the AHP and H-point. Similarly, (3):

ϕ = cos−1

L24 − L25 + (zSW − zSH )2 + (ySW − ySH )2

2L4
√

(zSW − zSH )2 + (ySW − ySH )2


(3)

Quantities (zSW − zSH ) e (ySW − ySH ) are the horizontal and
vertical distances between the driver’s wrist (on the steering
wheel) and the shoulder. Observing Fig.1 it is possible to
guess (4) and (5):

zSH = zHP + L1 cosα (4)

ySH = yHP + L1 sinα (5)

Imposing the equations in the setup ensures that varying the
six inputs will respect the conservation of the lengths of the
dummy elements (the software used is Nx Motion).

A. ANALYSIS OF VARIANCE AND THE MOST INFLUENTIAL
VARIABLES
When the p-value of a generic input factor is close to 0 there
is statistical relevance. That input has a real influence on the
analyzed output. In general, CADoptimization tools or neural
networks cannot bring this information as they are generally
used to identify optimal solutions by designers in industry.
The p-value quantifies the probability of observing an effect
equal to or more extreme than the one obtained, if the null
hypothesis (H0) is true. It is calculated as:

p = P (|T | > tobs) (6)

T is the t-statistic distributed according to the t-student or
normal distribution of the sampling, whereas tobs is the value
of the calculated t-statistic.
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If p < α (significance level, in our case α = 0.05) and
close to 0 there is in fact significance in the determination of
outputs.

At the end of RSM or ANNs models training, R2 coef-
ficient can be evaluated making predictions on the dataset
elements and new factors’ combinations. The adjusted R2 is:

R2adj = 1 −

SSE
n−p
SST
n−1

= 1 −

(
n− 1
n− p

) (
1 − R2

)
(7)

In the formula, SSE is the error sum of squares and SST is
the total sum of squares. In general, the adjusted R2 statistics
will not always increase as variables are added to the model.
If unnecessary terms are added, its value will decrease in
general. This term is good to predict the model fitting with
the database.

Residual analysis, then, should demonstrate that they are
small and they follow a random distribution. The regression
equations derived from the model can then be utilized to pre-
dict future outputs. If the response is well modeled by a linear
function of the independent variables, then the approximating
function is the first-order model:

y = β0 + β1x1 + β2x2 + · · · + βkxk + ϵ (8)

If there is curvature in the system, then a polynomial of higher
degree must be used, such as the second-order model:

y = β0 +

k∑
i=1

βixi +
k∑
i=1

βiix2i +

∑
i<j

βijx ixj + ϵ (9)

In these equations, the terms b are scalar coefficients derived
from the DOE. Terms in x are the input variables taken
individually or combined. The constant term ϵ complete the
polynomial regression. Higher-order models can be used to
improve the fitting of the solution.

The minimum number of tests to be performed depends
on N and O (number of factors and order of the polyno-
mial regression model). This is the number of spatial points
necessary to define the only hypersurface passing through
them. If the regression analysis is mono-variable and linear
(N=O=1), a straight line is theoretically sufficient as it is
definable only if at least two of its points are given. For a
plane (N=2, O=1) 3 points (3 tests) are needed. In general,
for 1st order models, N + 1 tests are required. Analysis of
higher order statistics requires a minimum number of tests
equal to: (

N + O
N

)
=

(N + O)!

N ! · O!
(10)

The number of outputs has no influence. In this study, with
N = 8 andO = 2, 45 tests were needed. However, as it is true
that a statistical model needs to be validated, 3,4, or 5 times
this value of tests can be performed. Evaluating the R2

adj and
R2
pred coefficients can then demonstrate if there is overfitting

or not. If a 2nd order is chosen, it is sure that overfitting will
not happen as the model will have constant curvature (the 2nd

order gradient will be constant). For this reason, the author’s
advice is to avoid too high O values (this is also to avoid too
large number of required tests).

Finally, to find the best input configuration, the identifica-
tion of a max, min or minimax (saddle) point is conducted.
This point, if it exists, will be the set of x1, x2, . . . , xn for
which the partial derivatives:

∂ ŷ
dx1

=
∂ ŷ
∂x2

= . . . =
∂ ŷ
∂xk

= 0 (11)

a stationary point. The stationary point could represent a point
of maximum response, a point of minimum response, or a
saddle point. If the optimal point is not in the domain new
tests could be performed following the curve trend.

B. NEURAL NETWORK SETUP
The definition of an optimal setup for a neural network
remains a general challenging task. In this work, the neural
network architecture was designed with six input neurons,
corresponding to the six input variables under analysis, and
one output neuron to predict the target metric. A range of
architectures was systematically tested by adjusting the num-
ber of hidden layers (from one to three) and neurons per
layer (between three and eight) to identify the most effective
configuration. The selection criteria included minimization
of the loss function and maximization of both predicted and
adjusted R2 values (Matlab is useful for this type of research,
using Deep Learning toolbox). After comparative evaluation,
the configuration delivering the best performance consisted
of two hidden layers, each containing six neurons, as shown
in Fig.4.

FIGURE 4. NN scheme used for training in this study.

The neural network developed for this study is aMultilayer
Perceptron (MLP)with a feedforward architecture, consisting
of an input layer, two fully connected hidden layers, and a
single output layer. A small excerpt of the database used is in
Fig.5.

The hidden layers utilize Rectified Linear Unit (ReLU)
activation functions, whichwere selected due to their superior
performance in this case compared to sigmoid and tanh,
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FIGURE 5. First rows of the dataset generated by the simulations.

particularly when applied to normalized data in the [0; 1]
range. Designed specifically for regression tasks, the network
is trained over 450 epochs with a batch size of 45, using
the Adaptive Moment Estimation (Adam) optimizer, known
for its robustness in handling non-stationary objectives and
adaptive learning rates. The learning rate has been set at 0.01.
Validation was performed every 25 iterations, and the overall
training progress was monitored through MATLAB’s built-
in visualization tools. Explicit regularization techniques are
not used as the use of simple architecture reduces the risk of
overfitting.

III. RESULTS
A total of 150 simulations is performed (using Nx Motion),
by varying the 6 input parameters randomly in the domain.
The 150 tests are generated using a random sampling
approach within the domains defined for the six input vari-
ables. In this specific case, this method is preferred over a
factorial design to ensure a larger, less structured coverage of
parameter space. This approach is particularly effective for
training neural networks, as it reduces the risk of bias from
a predefined grid of test points, allowing the model to learn
patterns even from less intuitive input combinations.

The decision to limit the study to longitudinal acceleration
was deliberate, motivated by two main reasons. Our primary
objective was to analyze the impact of the driver’s position
during the most intense dynamic phases typical of a competi-
tion. Acceleration is one of the most extreme conditions and
represents a critical case for the evaluation of the forces acting
on the driver’s body. Although the full model of the vehicle
is used, focusing on a single dynamic condition isolates
and analyzes the influence of ergonomic parameters more
deeply without the addition of unnecessary variables and
complexities resulting from other maneuvers (e.g. high-speed
cornering or braking, or different case studies that readers
may try to develop).

Maximum force values on the shoulders, pelvis, head and
the time (t∗) taken by the vehicle to accelerate from 0 to
50 km/h are measured at the end of all tests. The minimum
t∗ recorded is 3.530 seconds, while the maximum is approxi-
mately 3.558 seconds. This shows that the dummy’s position
had no real effect on the vehicle’s acceleration performance.

Highly significant results are obtained on the study of the
forces. Table 1 schematizes the first ANOVAof the study. The
most influential variables are D, A, B in the diagram, i.e. a and
the coordinates of the H-point. The other most influential
terms (1st and 2nd order) are in Fig.6. As shown in that figure,
the adjusted and predicted R2 coefficients are 96.91% and
95.34%, respectively, demonstrating the high reliability of the
RSM model.

TABLE 1. ANOVA related to shoulder force.

FIGURE 6. Pareto chart related to shoulder force ANOVA with Pearson
coefficients.

The results obtained for the forces on the pelvis are sim-
ilar. The most influential variables in that case are A, C,
D, AC, DE, CC, AA, CD, F, BD, EE, CF, AF all above
the significance level. The z position of the H-point wins,
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followed by L0 and a. In this case adjusted and predicted
R2 coefficients are 99.48% and 98.93%. Regarding the force
on the neck-head joint, the most influential variables are in
that case A, AD, AA, B, DD, AF, BC, DE, D, CC, AC, BB,
F, DF, FF all above the significance level. The z position
of the H-point wins, followed by the mixed term composed
of the same zHP and a and the second-order term in zHP.
Then yHP follows. In this case, the adjusted and predicted
R2 coefficients are 99.14% and 98.14%. All three analyses
of variance are highly accurate based on the evaluation of the
Pearson R2 coefficients.

FIGURE 7. Comparison of RSM and NN predictions on real shoulder load
data.

To evaluate the predictive ability and generalization of the
models on configurations not previously seen, 15 new tests
are performed. The results of these 15 tests are used for the
comparisons presented in Figures 7, 8, and 9. The graph
appears saturated. For each sample, the three result columns
(real values, RSM predictions, NN predictions) have nearly
the same height. This indicates that the predictions from both
models are consistent and closely match the simulated values.
For the shoulder tests, the neural network yields an absolute
mean error |e%| of 1.173%, while the RSM produces an error
of 0.511%. Improved network training could easily reduce
this error threshold. Similarly, Fig.8 presents comparative
data on the loads applied to the driver’s pelvis.

FIGURE 8. Comparison of RSM and NN predictions on real pelvis load
data.

In this case, the absolute mean error of the RSM calculated
on the dataset predictions is 0.66%, while that of the neural

network (NN) is 2.486%. Finally, Fig.9 presents the compar-
ative analysis of the loads acting on the driver’s head. The
highest recorded force values are due to the jerking motion
caused by vehicle acceleration and braking. In these cases,
the head moves backward during acceleration and forward
during braking.

FIGURE 9. Comparison of RSM and NN predictions on real head load data.

Despite the system’s complexity and the number of inter-
acting variables, both NN and RSM demonstrate strong
predictive capabilities, making them reliable tools during the
early stages of vehicle design. In particular, the NN shows
excellent generalization on previously unseen data, with min-
imal percentage errors (|e%|), as indicated in the results table.
The difference in errors is a demonstration of robustness.
The slight discrepancy in errors does not indicate poor NN
performance. On the contrary, the consistency of the forecasts
between the two models, with different methodologies and
architectures, strengthens the thesis. The 2.5% error of the
ANN is within an acceptable range for the preliminary design
phase, where the goal is to identify trends and not achieve the
accuracy of a detailed physical model. Both models success-
fully predict the biomechanical loads and performance of the
vehicle.

Beyond model validation, a key outcome of this study
is the ability to determine the optimal input conditions that
yield the best-performing vehicle configuration in terms of
acceleration. This approach effectively delivers a functional
input-output map, enabling designers to make informed deci-
sions when laying out the vehicle architecture. Although the
analysis focused on the acceleration phase, the methodol-
ogy is easily extendable to other performance criteria. The
resulting optimal setup derived from this process is detailed
in Table 2.

TABLE 2. Design parameters for the driver’s seat in the optimal
configuration.

In practical scenarios, certain parameters may be con-
strained by design requirements or regulatory standards.
In such cases, the designer can lock those fixed values and
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perform a targeted optimization on the remaining variables,
taking advantage of the neural network’s ability to predict
outcomes efficiently.

Moreover, the trained ANN model from this study holds
potential as a modular component within a broader predic-
tive framework. It can be combined with other specialized
networks, each trained under different testing conditions or
vehicle configurations (such as varying suspension setups,
tire types, or weight distributions based on competition rules),
to build a more comprehensive design support system.

Although this study focused on the virtual design phase,
it is our intention to integrate validation with experimental
data in future work. We plan to conduct the following tests
soon. We will use an FSAE vehicle equipped with force
sensors and accelerometers to measure biomechanical forces
under real driving conditions. We will use a professional
driving simulator to collect data on the behavior of the drivers
and compare them with the predictions of our model.

Furthermore, the virtual mannequin used, though compli-
ant with standards, is a rigid body model. It doesn’t account
for biological variability, the driver’s active muscle response,
or fatigue. These factors could alter the biomechanical forces
in real-world scenarios. The conclusions are based on a digital
twin which, despite its detail, is a simplification of reality.
Although the correlation between the ANN and RSMmodels
is high, final validation of the results with real-world data
remains a necessary step to confirm their validity. However,
the general applicability of the method to other case studies
and different design contexts represents its main strength.

IV. CONCLUSION
By employing a digital twin of the vehicle and a biome-
chanically realistic Dempster mannequin, six ergonomic
parameters were systematically varied to assess their influ-
ence on both driver load and vehicle performance during
acceleration. The results showed that while the driver’s
position had a negligible effect on pure acceleration times,
it significantly impacted the biomechanical loads experienced
by the shoulders, pelvis, and head. The ANOVA provided
clear identification of the most influential factors, while the
ANN proved highly effective in generalizing predictions to
new, unseen configurations. This dual approach enhances the
robustness of the design recommendations.

Future work will extend this method to other driving sce-
narios, such as cornering and braking, and integrate it into a
real-time design decision support system. Limitations related
to fixed component positions and regulatory constraints can
be addressed by locking certain parameters during opti-
mization. Overall, this framework represents a scalable,
adaptable, and practical contribution to the ergonomic and
performance-based design of modern vehicles.
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