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Abstract
Automotive seats are designed to provide the best driving comfort to the occupant while ensuring high safety
levels. Static comfort aims to provide an optimal body support and safety requirements. Dynamic comfort
tends to strengthen these features and to provide an optimal vibrational environment, under riding conditions.
However, considering a typical seat design process, dynamic comfort is usually adjusted once an accurate
static comfort has been determined. The purpose of this study is to propose and to illustrate a robust design
methodology to optimize the dynamic behaviour of a human-seat coupled system while still verifying a
targeted static behaviour. A two-dimensional multi-body model is presented and the impact of the variability
of both seat and human body parameters is discussed, emphasizing the need to handle these uncertainties
through the optimization procedure. A robustness analysis is finally performed to assess the performance of
the derived optimal solutions, highlighting some crucial trade-offs faced by seat manufacturers.

1 Introduction

Automotive seats are designed to provide the best driving comfort to the occupant while ensuring high safety
levels. This complex notion of comfort is usually inversely handled by considering discomfort sources and
distinguishing different types of physical solicitations, as proposed by Bubb [7] in his pyramid of discom-
fort. From a mechanical point of view, postural comfort aims to provide an optimal body support to lower
numbness, fatigue or pain issues; while vibrational comfort tends to strengthen these features and to provide
an optimal dynamic environment, by considering time varying inputs under riding conditions. Considering
a typical seat design process, one fundamental rule is to design a seat around the hip point (H-point) of
the driver, to ensure a proper driving position. Then, vibrational comfort is usually adjusted by taking into
account the vibrations at the seat base, resulting from the tyre/road interaction and the thermal engine.

Automotive seats have become very complex systems as they gather lots of technical solutions aiming to
improve the interface between the occupant and its environment, during riding. Focusing on their mechanical
behaviour, seats are usually simplified from more than eighty components to four main sub-components,
namely the frame structure, the suspension mat, the foam pad and the cover. The mechanical interactions
between these components still remain very complex, leading seat manufacturer to assess the vibrational
comfort only once a prototype has been built. Hence, the achievable dynamic behaviour of the seat and thus
its vibration isolation performances may be limited due to some previous design solutions. Its improvement
using iterative test/modification steps may also turn out to be both time consuming and costly. To handle
these issues, seat manufacturers are more and more interested in developing virtual prototyping tools. These
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would allow investigating the evolution of the mechanical behaviour of the seat with regard to multiple
design parameters and simulating untested configurations. Therefore, future design processes could rely on
a stronger parallel between static and dynamic comforts.

In order to help seat manufacturers anticipate innovation stakes that could derive from such a parallel process,
a robust design methodology is presented in this paper to optimize the dynamic response of a multi-body
human-seat coupled system. In section 2, a quick overview of the approaches available in the literature
to model human-seat systems is first presented. The considered multi-body model is further introduced
and validated with regard to an experimental transmissibility measurement. The variability of this dynamic
response is also discussed, emphasizing the impact of the human body parameters on the assessment of
the vibrational comfort. In section 3, robust design tools are proposed to optimize the dynamic behaviour
of a human-seat system with regard to the seat impacting design parameter, while taking into account the
variability of the seated human body. Both deterministic and reliability-based optimization procedures are
presented and the derived solutions are finally compared through an Info-gap robustness analysis.

2 Human-seat model

2.1 Modelling approach

Lots of mathematical models have been developed in the literature to predict the dynamic responses of a
human-seat coupled system. These models can be broadly divided into three groups: lumped parameter
models, multi-body models and finite element models (not detailed in this study). Preliminary investigations
were performed by the authors on a simple lumped parameter model in vertical direction [1]. The derived
results showed some strong prediction limitations and the need to develop a more complex model with
additional directions to take into account the backrest contribution and internal dynamic interactions of the
human-seat coupled system.

Since the 2000s, multi-body dynamic models have been widely developed allowing a better representation of
the human body motions, as well as of the human-seat coupled system behaviour. Such models are classically
composed of several rigid bodies connected by rotational and/or longitudinal springs and/or dampers. These
bodies are part of an equivalent system representing the human anatomy. Each body has three Degrees Of
Freedom (DOF) in the sagittal plane: vertical, fore-aft and rotational directions.

The first multi-body model describing the human-seat coupled system was introduced by Cho and Yoon to
evaluate the ride quality inside a vehicle [8]. Four different biomechanical models were studied based on nine
DOFs in order to evaluate the transmissibilities to the head, to the back and to the hip, resulting from vertical
vibrations. To validate their model, the authors measured acceleration responses on ten subjects under ver-
tical vibration excitations, obtaining a good matching of the transmissibilities at resonance frequencies. A
fourteen DOFs multi-body dynamic model was further proposed by Liang and Chiang [15] based on Cho’s
model [8] to evaluate the impact of the backrest inclination on both apparent mass and head transmissibility.
This linear model was composed of five rigid bodies representing thighs, pelvis, upper-body, head and vis-
cera in the sagittal plane. Three different cases were considered (i.e. without backrest, with backrest at 12 ◦

and 21 ◦), and were validated by comparison to various experimental data. The results showed that fewer
vibrations were transmitted with a 21 ◦ backrest angle. Finally, this model was extended by Kumbhar [13]
who added six DOFs to describe more accurately the dynamic behaviour of the seat and its sub-components.
Three seat configurations were studied (rigid, traditional and suspension seats) and transmissibilities and
absorbed powers were computed to rank the filtration performance in each case.

Furthermore, a study was conducted by Kim et al. to develop a tool for car seat designers [14]. The oc-
cupant and the seat were modelled by three bodies (torso, buttocks and legs) and two bodies (backrest and
cushion), respectively. Based on natural frequencies and mode shapes the authors performed a parametric
study, highlighting the influence of particular mechanical parameters on the dynamic behaviour. A good cor-
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relation between simulated frequency responses and experimental ones was achieved, in terms of locations
of resonances and deflection shapes.

In view of these studies, it can be emphasized that the modelling hypothesis and the purpose of the various
proposed models are very different, making it difficult to compare their ability to help improving the vibra-
tional comfort. Some authors attempted to evaluate the ride quality computing transmissibilities [8]; other
focused on the mode shapes of the human body [14]; others investigated the impact of seat properties (e.g.
foam properties, backrest inclination, additional suspension) on some vibration responses [15, 13]. More-
over, while some authors considered a linear behaviour of the human-seat coupled system [8, 15, 13], others
developed non-linear models of foam [14]. It can also be noticed that all the studied vibration responses are
deterministic, although human body variability and its impact on these responses has already been observed
experimentally [19].

2.2 Model description

The seat design approach proposed in this study is based on the twenty DOFs model initially proposed by
Kumbhar [13] and depicted in figure 1. It is composed of five rigid bodies, with their respective masses and
centres of gravity, representing the occupant: the thighs (m1, G1), the pelvis (m2,G2), the torso (m3, G3),
the head (m4, G4) and the viscera (m5, G5). Three additional bodies represent the seat: the seat frame (mst),
the cushion (mc) and the backrest (mbc). Each mass except m5, has two translational motions (fore-aft and
vertical ones) and one rotational motion. The viscera have only two translational motions. All masses except
mass m5 are connected to each other by joints (J(i=1,. . . ,4)) formed by translational and torsional sets of
springs (Ki, Kri) and dampers (Ci, Cri). The viscera are connected by a fore-aft and vertical set of springs
and dampers. The contacts between seat masses and body masses are represented by points c(i=1,2,3,25,35).
The fore-aft (Khi, Chi) and vertical (Kvi, Cvi) springs and dampers are associated to their respective masses.
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Figure 1: Human-seat model adapted from the Kumbhar’s study [13]
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The coordinates of each human body (depending on the backrest angle α) and the human body parameters are
directly extracted from Liang and Chiang’s study [15], representing a mean human (i.e. 71.3 kg total mass).
A second set of masses has been derived in the present study to reach a 80 kg total mass. A traditional seat
design is chosen, with suspension parameters (Ksv1 and Ksh1) considered as rigid. The cushion parameters,
given in table 1, are derived from measurements presented in a previous study [1].

Seat parameters Suspension Cushion
m (kg) mst = 16.8 mc = 1.3

Kh (N/m) Ksh1 = 1e8 −
Kv (N/m) Ksv1 = 1e8 Kcv1 = 85866
Cv (N.s/m) − Ccv1 = 448

Table 1: Seat parameters

The twenty equations of motion associated to each DOF of the model, are derived using Newton’s second
law. Under both steady-state and harmonic excitation assumptions, this can be expressed in the frequency
domain under matrix form as:

[
−ω2M + jωC +K

]
x(ω) = f(ω) , (1)

where M ∈ R(20;20), C ∈ R(20;20), K ∈ R(20;20) represent the mass, damping and stiffness matrices,
respectively; x ∈ R(20;1) is the displacement vector and f ∈ R(20;1) the input excitation vector (ω is the
excitation frequency and j2 = −1).

2.3 Test-model comparison

To ensure that the nominal values of the model input parameters are relevant, this computed response is
compared to a previous transmissibility measurement with a human subject weighting 80 kg [1], as depicted
in figure 2. Calculations are performed considering the second set of masses (80 kg total mass), a 21◦

backrest angle (i.e. automotive posture), and applying a unitary input displacements to the seat base. Among
the twenty derived responses, only the cushion transmissibility in the vertical direction is considered, which
is a commonly used response in the automotive industry. It is observed that the first resonance around 4.3Hz
is estimated with a 5 % error in frequency and a 29 % error in amplitude, with regard to the experimental
data. The second resonance is also predicted and the filtration area is well fitted.
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Figure 2: Test-model comparison of vertical cushion transmissibility

While these results seem encouraging for a direct computation, it can be noticed that some modifications
could be performed to improve these predictions, by complementing the considered physical phenomena
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(e.g. reaction forces due to feet friction) and/or by updating the value of all or part of the model parame-
ters. The former would mean modifying the initial modelling hypothesis, which is out of the scope of this
study. The latter would need either complementary experimental characterizations (e.g. of each of the seat
sub-component), or some computations to minimize the distance between both experimental and numerical
responses. While this numerical approach has been preferred, it has been decided to handle the unknown
variability of the human body rather than to determine some averaged parameters. Indeed, Toward and
Griffin [19] showed that the variability between different mean-subjects can impact up to 30 % of the seat
transmissibility response levels. Hence, it would be more accurate to compare sets of experimental/numerical
responses, by taking these associated parametric uncertainties into account.

2.4 Transmissibility evolution

In order to help identifying the impact of these uncertainties on the dynamic behaviour of the human-seat
coupled system, a global sensitivity analysis was performed by the authors [2]. While the complete method-
ology is out of the scope of this study, it seems interesting to visualize the evolution of the transmissibility
involved by the variation of the most impacting factors identified, namely both stiffness Kv5 and mass m5

parameters of the viscera and the vertical stiffness of the cushion Kcv1.

Sample-based analyses using Monte Carlo simulations are usually performed for this purpose [10]. In a
first step, probability distributions are specified for each input parameter; then, a high number of samples are
generated accordingly; finally, the model is evaluated for each set of input parameters. Various algorithms are
available to generate these samples, so as to cover most of the design space. In this study, Latin Hypercube
sampling (stratified sampling) is subsequently used.

Figure 3 (a) depicts 1000 computed cushion transmissibilities where only the identified important input
parameters from the human body (m5 and Kv5) are varying. The blue shaded area represents the standard
deviation of these transmissibilities, quantifying the dispersion of the response at each frequency. A low
standard deviation indicates that the transmissibilities tend to be close to the mean (blue curve) of the set,
while a high standard deviation indicates that the output responses are spread out over a wider range of
values. The dark blue curve represents the nominal transmissibility.
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Figure 3: Evolutions of vertical cushion transmissibilities: (a) impact of human-body parameters; (b) impact
of the seat parameter

Then, the input parameters associated to the human body are blocked to their nominal values, and only the
influent seat parameter (Kcv1) is varying. A new sampling is performed to illustrate its impact on the vertical
cushion transmissibility, as depicted in figure 3 (b). It is observed that while the evolution range induced by
the variation of Kcv1 is lower between 3 and 9 Hz, it is higher from 9 Hz than the evolution induced by
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the variation of human body parameters (which is also confirmed by the narrower corridor defined by the
standard deviation).

Therefore, it can be concluded that the input parameters of the human body have more impact than the seat
ones on the transmissibility around the resonance frequency and that only the seat parameter has some impact
on the filtration area.

3 Robust design methodology

Based on the previously described observations, the goal of this section is to propose a procedure to optimize
the seat design while taking into account the lack of knowledge associated to the occupant’s variability, in
order to guarantee the robustness of the targeted notion of comfort.

3.1 Uncertainty quantification

According to the literature [5, 17], uncertainties in engineering sciences are often classified into two main
categories:

• random uncertainties coming from the physical variability of the system and its environment (phys-
ical properties, assembly and operating conditions,. . . ). These uncertainties can be related to model
parameters or to the model itself and could be characterized;

• epistemic uncertainties coming from a lack of knowledge of the system (wrong values of parameters,
unknown probability laws,. . . ). These uncertainties are related to modeling issues or lack of experi-
mental data. These uncertainties could be reduced by increasing the amount of available information
on the system.

In this study, the variability of the coupled system is first considered as deriving from random uncertainties
associated to the most impacting factorsKv5,m5 andKcv1. Such parametric approaches (as opposed to non-
parametric ones [18]) are characterized by a mean value and a standard deviation or by a Probability Density
Function (PDF) associated to each parameter considered as uncertain. Their nominal values are generally
determined by measurements and the uncertainties are propagated through the computations using Monte
Carlo based sampling methods [6]. For each independent sample, the deterministic response is calculated
considering the probability distribution. The main drawback of these methods is the slow convergence of
the solutions because an important number of random samples is needed [20]. Then, considering that a
probabilistic approach may not be suitable to represent the high lack of knowledge on the human body
parameters, an Info-Gap approach as initially proposed by Ben-Haim [3], is also proposed in this study to
assess the robustness of a reliability-based (i.e. probabilistic) approach.

3.2 Deterministic optimization

As indicated in the introduction, the vertical cushion transmissibility is classically referred to as the most
relevant feature to characterize the vibrational comfort: the main purpose is to lower the main resonance
frequency and to increase the filtration area (i.e. |Tcushion| < 1). Hence, optimizing the dynamic response
of the human-seat coupled system comes down to minimizing both the frequency resonance fr and the area
A under the cushion transmissibility curve. Regarding the results depicted in figure 3 (b), this would mainly
require to decrease the Kcv1 parameter, representing the stiffness of the cushion. However, it is easy to
understand that this parameter corresponds to the material properties of the constitutive foam pad, whose
static and dynamic behaviour are highly related [22].
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3.2.1 Design constraint and objective definition

Therefore, a static design constraint is defined, corresponding to the maximum allowed sinking of the oc-
cupant in the seat, so as to guarantee an acceptable postural comfort. As the developed 2D-model does not
handle such detailed geometrical aspects, a proportionality rule between the static displacement of the centre
of gravity of the pelvis G2, denoted dstat, is used to define the constraint function Dmax, as follows:

Dmax = dstat − d0 ≤ 0 , (2)

where d0 is a constant associated to the real maximum sinking as illustrated in figure 4.

Figure 4: Illustration of the design constraint

Using the previous performance criteria fr and A, a normalized cost function Fcost to minimize is further
defined:

Fcost =
1

2

(
A

Anom
+

fr
frnom

)
. (3)

It can be noted that as none of the above observations tend to justify the use of different weightings on these
features, an equal one is considered for the study.

The optimization problem thus consists in minimizing Fcost while still ensuring that Dmax is verified, using
a constrained non-linear optimization algorithm, with regard to the dynamic stiffness of the cushion Kcv1.
Several numerical methods allow solving this kind of optimization problems among which constrained non-
linear optimization algorithms are often used and implemented in commercial software. Thereafter, all the
numerical computations are handled using SIMBAD software whose procedures are based on the Matlab
Optimization Toolbox.

3.2.2 Deterministic optimal design (DO)

At first, the following simple mono-objective optimization problem is considered:




min
x∈R

Fcost(x) , Fcost ∈ R

with:
Dmax(x) ≤ 0 , Dmax ∈ R

, (4)

where x represents the considered design variable, namely the cushion dynamic stiffness Kcv1. It is solved
using the fmincon Matlab function. For each transitional solution of this iterative procedure, the algorithm
seeks the direction in the design space having the highest slope to converge to the nearest solution, poten-
tially leading to a local minimum of the cost function. As observed in figure 5, the procedure converges
after 19 iterations to an optimal design (DO) associated to an 8 % improvement of the performance, also
corresponding to a 28 % reduction of the initial value of the cushion stiffness.
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Figure 5: Evolution plots of the active design parameter, constraint and performance functions

While this solution does verify the optimization problem, it remains closely related to the considered oc-
cupant’s parameters: as an example, a heavier occupant would inevitably lead to a lower performance and
would not satisfy the static constraint requirement anymore. It is therefore necessary to go beyond such
deterministic approaches to derive solutions whose performances are less sensitive to a variation of some
uncontrolled input parameters.

3.3 Reliability-based approach

The next step is thus to perform a probabilistic reliability analysis, to define the probability for which the
static constraint is guaranteed considering a given variability of the seat occupant.

3.3.1 Estimation of the probability of failure

A design is considered as reliable if it meets all the performance targets in the presence of parameter varia-
tions, i.e. if the system has a low chance of failure. In our case, the failure is directly related to the limit state
of the constraint function, defined as:

Dmax(x,u) = 0 , (5)

where u is the random variation of the uncertain human-body parameters, namely Kv5 and m5 as identified
in a previous study [2]. The reliability R is thus defined as:

R = 1− Pfail = P {Dmax < 0} , (6)

where the probability of failure Pfail is given by:

Pfail =

∫

Dmax>0
fu(u)du , (7)

where fu is the Probability Density Function (PDF) of u.

It must be emphasized that, due to the complexity of the underlying problem, this integration is usually
handled using numerical methods, as transformation methods or Monte Carlo simulations. Concerning
transformation methods, the probability of failure is commonly estimated based on the First Order Reli-
ability Method (FORM) or the Second Order Reliability Method (SORM). These initially require some
iso-probabilistic transformations to convert the given random variables into standard normal ones. Based on
the Rosenblatt transformation [16], the probability of the vector u (physical space) is thus transformed into
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a vector U, constituted of normal centred variables where the mean (µ) and the unitary standard deviation
(σ) are dimensionless (standard space):

u = µ+ σU . (8)

In this study, a normal distributionN is assumed for random variation of bothKv5 andm5, whose parameters
are arbitrarily fixed to µ = 1 and σ = 0.5 (with regard to the nominal value of each parameter), because no
information have been found in the literature on the variability of the viscera (or internal body parts) dynamic
behaviour. Therefore, the probability of Pfail can be expressed, in the standard space, as:

Pfail =

∫

Dmax>0
ΦU (U)dU , (9)

where ΦU is the PDF of U ∝ N (µ, σ). Regarding the FORM method, the limit state function is approxi-
mated, using a first order Taylor expansion, by a plane tangent to the failure domain at the so-called Most
Probable Point (MPP) U∗. The probability of failure can thus be re-expressed as:

Pfail = Φ(−β) , (10)

where β = ‖U∗‖ is the distance between the centre of the PDFs and the MPP.

In this study, the reliability R associated to both nominal and deterministically optimized designs is com-
puted, resulting in R = 1 and R = 0.49, respectively. In the former case, the design is far enough from the
limit state to satisfy the constraint within the considered variability of the human-body. In the latter case, the
MPP is located on the border between both safe and failure regions: regarding the chosen normal distribu-
tions, there is a 50 % chance of failure. It is concluded that the optimized design has a better performance
but is less reliable than the nominal one.

3.3.2 Probabilistic Reliability-Based Design Optimization (RBDO)

Following this reliability analysis, a new optimization problem is defined by considering an additional relia-
bility constraint, arbitrarily fixed at Rtar = 0.9 (i.e. Ptar = 1−Rtar):





min
x∈R

Fcost(x) , Fcost ∈ R

with:
Dmax(x,u) ≤ 0 , Dmax ∈ R
Pfail(x,u) ≤ Ptar

. (11)

The purpose is to determine optimal values of the seat parameter leading to the best dynamic performance
possible while ensuring that in 90 % of cases, the static constraint is also verified, when the human-body
characteristics are allowed to vary in the considered intervals.

As observed in figure 6 (a), the procedure converged after 700 iterations. Using the optimal values of the
parameter resulting from the last iteration, a Monte Carlo sampling analysis is performed to check if the
reliability target is reached. The derived estimated PDF of Dmax illustrated in figure 6 (b) further confirms
the expected target.

The derived reliability-based optimal design (RBDO) leads to a 4 % improvement of the performance, com-
pared to the nominal one, as summarized in table 2. It can be concluded that the RBDO procedure could
allow taking into account some probabilistic information about the human-body variability through the dy-
namic comfort design process.
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Figure 6: (a) Evolution plot of the reliability function; (b) Probability Density Function of Dmax

Output feature Nominal DO RBDO
Cushion stiffness (Kcv1) 1 0.72 0.84
Reliability (R) 1 0.49 0.90
Performance (Fcost) 1 0.92 0.96

Table 2: Comparison of the optimal solutions (relative values)

3.3.3 Discussion

Figure 7 compares the vertical transmissibilities obtained using both derived optimal solutions to the nomi-
nal response. It is observed that the progression margin to optimize the transmissibility of a standard seat is
very low. However, while such procedures give reliable designs, the way their performance will evolve with
regard to variations of the occupant is still unknown. Indeed, as these solutions are optimal ones, their asso-
ciated performance will inevitability get worse as the allowed variability on the human-body characteristic
increases. It is thus necessary to investigate the robustness of each of theses solutions.
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Figure 7: Comparison of optimized transmissibilities

3.4 Robustness assessment

Finally, a robustness analysis is performed, to observe the impact of lack of knowledge (concerning the
variability of the viscera parameters) on the system performance.
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3.4.1 Info-Gap formulation

The Info-Gap theory aims to quantify the robustness of model-based decisions to lack of knowledge in the
system model [4]. This approach provides a useful framework to investigate the trade-off between per-
formance and robustness but also to compare different candidate design solutions. Considering its general
formulation, it has been used in a variety of fields, and in particular in structural dynamics concerning, for
example, model updating [11], reliability analysis [9], robust design [12].

This type of analysis aims to quantify the difference (i.e. the gap) between the information that is known,
e.g. the nominal value of a parameter, and the information that has to be known in order to ensure an a priori
defined critical level of performance. In this study, the main idea is to handle the strong lack of knowledge
on the viscera parameters Kv5 and m5 by assuming that the vector of the mean values µ of the associated
normal distributions, as initially (and arbitrarily) chosen for the reliability analysis, may vary from their
nominal (i.e. best estimated) values µ̃ according to the following relation:

U (µ̃, h) = {µ : |µ− µ̃| ≤ hµ̃} , h ≥ 0 . (12)

This quantity is usually referred to as the “uncertainty model” and consists in a collection of nested sets of
uncertain values of µ, centred on µ̃, whose size is controlled by a dispersion parameter h called the “horizon
of uncertainty”: the larger the horizon, the more inclusive the uncertainty.
The robustness function ĥ is further defined as the greatest value of h up to which a chosen criterion C
(e.g. the probability of failure Pfail or the performance criterion Fcost in what follows) is satisfied for all
realization of the uncertainty model:

ĥ = max

{
h :

(
max

µ∈U(µ̃,h)
(C(x,µ) ≤ Ccrit)

)}
, (13)

where Ccrit is the maximum allowable value of the considered criterion. According to this definition, deter-
mining this robustness function comes down to numerically solve a complex non-linear optimization prob-
lem. In practice, the robustness is derived by determining the worse value of C for a given level of uncertainty
hi:

Ccrit,hi = max
µ∈U(µ̃,h)

C(x,µ) . (14)

3.4.2 Discussion

Figure 8 shows the robustness curves associated to both the probability of failure Pfail (figure (a)) and the
previously defined performance Fcost (figure (b)). Each figure considers three cases corresponding to the
solutions given in table 2. It is observed, figure 8 (a), that the nominal design is the most robust from a
reliability point of view (highest slope of the curve) but this solution is only designed for a mean human.
This can be explained by the fact that: the initial design point is not an optimal value; the static design
constraint corresponds to an extreme configuration where the weight of the occupant is a lot heavier than the
reference weight considered for the design. Moreover, the reliability-based design has a better robustness
than the deterministically optimized one: indeed, this design fulfils the static constraint in 90 % of the cases
and has a lower deterioration due to uncertainties than the optimal design. It is observed, figure 8 (b), that
the performance decreases (i.e. Fcost increases) as the uncertainty increases, which illustrates that optimal
solutions are not robust. However, the performance of both reliability-based design and deterministically
optimized design remain better than the nominal one, the latter being the best one.

In view of these results, it can be concluded that a trade-off has to be made between reliability and perfor-
mance of the design (as their robustness curves are conversely ranked), depending on the lack of knowledge
that the seat manufacturer is ready to tolerate.
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Figure 8: Info-Gap robustness curves: (a) probability of failure Pfail; (b) performance Fcost

4 Conclusion

The main contribution of this study is the presentation of a robust design procedure taking into account the
lack of knowledge associated to the occupant’s variability in order to optimize the vertical cushion transmis-
sibility. The derived solutions illustrate that a compromise between a reliable design and an optimal one is
necessary. However, the performance improvement of these solutions still remains limited by the consid-
ered multi-body model. Hence, complementing the multi-body model by a more complex description of the
foam behaviour could lead to significant modifications of the transmissibility. Finally, the Info-gap analysis
emphasized the need to handle the variability of the seat occupant through the whole design procedure, al-
lowing to assess the robustness level of a given design, for a tolerated lack of knowledge on the human body
properties. Such tools could thus help seat manufacturers to provide not only “comfort for all” but also a
“personalized comfort”.
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Besançon, France, for allowing to use SIMBAD software version 1.0.0, Copyright c© 2010-2016 by CNRS.

References

[1] R. Barbeau, T. Weisser, R. Dupuis, E. Aubry & S. Baudu, Caractérisation expérimentale du comporte-
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