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INNOVATION TALK

Advanced reduced order modeling for more effective structural crash
optimization

Gavin England, Senior Product Marketing Manager, ESI Group
Fatima Daim, Team Leader Computational Science, ESI Group

In this article, we're diving into ESI's game-changing technology called ADMORE. This isn't just another
tech tool—ADMORE represents a leap forward in how engineers approach structural crash optimization.
Imagine having a tool that not only speeds up the design process but also pinpoints the most crucial
factors for achieving optimal safety and performance in vehicle structures. That's exactly what ADMORE
does. It transforms complex simulations into more manageable, insightful, and actionable data. But before
we get into the nitty-gritty and see a real-life use case from our partnership with Renault, let's set the
scene with some background on why this technology is such a breakthrough.

What is the current dilemma automakers face when developing new vehicle concepts?
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Maximising safety whilst optimising performance and cost

The challenge:

Optimised Each simulation run is
. expensive and time-
+ Vehicle consuming
Development

Number of iterations
possible is limited

Too many unknown

Variables to optimise:

Variables to optimise:

+ Different crash scenarios + Design configurations
. Mu|t|p|e |mpact positions - Vanable component sizes
= Varable material thicknesses

+ Diversity of human models

» Multiple material options
+ Range of part tolerances
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To optimize vehicle safety against performance, many unknowns are considered and assessed. To
ensure occupant and pedestrian safety, and adhere to ever-stricter regulations, those unknown variables
include many different crash scenarios and impact positions as well as an increasing diversity of human
models. At the same time, to achieve the best vehicle performance at minimal cost and in the shortest
possible lead times, variables such as different design configurations, component size options, material
types, thicknesses, and the impact of the range of component tolerances need to be considered. These
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variables usually affect each other as they change, so they shouldn't be assessed in isolation. Some
combinations of variable values will have a big influence on the design, either positively or negatively,
whilst others won’t. When you consider the different permutations of these combined variables, there are
potentially many thousands of possible outcomes. To fully explore those unknowns, to assess every
combination of variables using simulation, to deliver the best product, is simply not possible. The number
of simulation runs and design iterations is limited by time and cost.

So how do you know which of these unknowns have the biggest influence on the design, and, therefore,
which variable values should you focus those precious simulation runs on to achieve the best crash
simulation results whilst optimizing vehicle performance? This is the challenge facing many automotive
manufacturers.

To solve this, ESI developed a unique solution, called ‘ADMORE’. What is it about and
how does it help solve this problem?

S To help solve this and other similar problems, ESI has

: amuston s developed ADMORE, an intelligent model order
introducing ADMORE ] reduction technology. ADMORE quickly guides
> engineers to the variables that have the most influence
on the product, and so are the most important to
assess, so that they know exactly where to focus their
simulation runs. It does this using advanced model
order reduction, driven by intelligent machine learning
technology. It is a powerful decision-support tool for
engineers.

. ADMORE enables engineers to build an intelligent parametric crash simulation model and carry
out real-time design space exploration to quickly examine the impact of changing multiple
parameters, to assess which have the greatest influence on crash scenarios. For example,
which combination of parameter values is likely to optimize the strength-to-weight ratio of the
part of the vehicle, or, conversely, could potentially cause a safety or regulatory issue in a crash
situation?

. Whether those parameters are material thicknesses of structural components, limits of
manufacturing tolerances, or different impact positions, ADMORE enables fast parametric
design space exploration to quickly assess those unknowns. It provides quick insight for
engineers, who will have a much clearer understanding of the direction they should take those
limited number of simulation runs to deliver the most meaningful, beneficial crash simulation
results.

. ADMORE enables both live manual and automated design space exploration to quickly and
easily determine the priority load cases and design parameters to analyze in more detail. The
nature of ADMORE, with its intelligent automation and real-time assessment capabilities, means
that it can be used by both experienced and non-experienced engineers, helping to democratize
simulation tasks.

. ADMORE optimizes simulation cost v accuracy. It enables a better, more optimized product
design for the same investment and effort.

With regards to crash simulation, what are the details on this specific use case?

ADMORE can be applied to many different use cases, particularly where there are multiple combinations
of variables to assess. For crash simulation, it brings value in three main areas:
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Firstly, it enables the development of a high-

ADMORE for crash simulation — The value performlmg vehlcle_ whilst ensuring sgfety r(_agulatlons
are easily met. Being able to focus simulation runs on
the most critical scenarios results in improved safety
outcomes. Having a better understanding of the
evolving vehicle design enables more informed
development decisions to be made. And the
democratization of simulation activities frees specialist
engineers to work on other high-value activities, for a
more optimized vehicle design.

Secondly, it helps reduce vehicle development time. Lead times are cut due to the decrease in high-
fidelity crash simulations required, new vehicle configurations can be assessed for safety much faster,
democratization of the simulation processes helps release additional specialist engineering capacity, and
automation further helps cut the need for time-consuming, laborious tasks.

And, finally, it helps to decrease development costs. The need for expensive physical testing and high-
fidelity simulations is further reduced, and the improved understanding of the evolving design reduces the
risk of potentially costly unforeseen downstream errors.

Looking at the mechanics behind ADMORE: How is a high fidelity model typically used in
simulation and how is optimization study commonly carried out?

Let us start by introducing the classical numerical simulation scenario, which we refer to as the high-
fidelity model.

_ This High Fidelity model (HFM) describes the evolution

of a physical model, given by discretized partial
differential equations (PDE) denoted here as sigma, on
a mesh M during time interval T. This evolution is
(] — | Zwr ()] —|0wxn)] described by the variable u at each space point x and
each instant t, starting from the initial condition
» denoted Uin. In crash simulation, U is the
+ Finite Element Method (FEM): . . .
Nang displacement, velocity, or acceleration. In general, for
ulx,1) = g (1Ni(x)  Naoy = O(10%) such simulations, what interests us is the performance
. of this physical system denoted here by O, which
depends on the variable U. In the crash simulation,
these performances are a set of intrusions measuring the occupant safety during the crash.

Numerical Simulation

- High Fidelity Model (HFM):

The performances are, in general, obtained by post-processing the variable U. They are usually very
quick to calculate once U is computed. What is expensive, however, is the computation of the U variable
itself, which in the case of the finite element method, is given as a combination of shape functions
denoted Ni. The coefficients of this combination are computed at each time step by solving a linear
system. in the case of implicit time discretization. Or under a set of linear systems imposed by the CFL
condition in the case of an explicit scheme, which is the case in crash simulation. This combination is
strongly linked to the fineness of the mesh. The finer the mesh, the higher the computational cost.
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Numerical Simulation

+ High Fidelity Model (HFM):
[Design parameters : P = (p', p?,---, p") ‘
4
— | Eur@xtP) | —[o@rnp)]
+ Finite Element Method (FEM):

Naor
u(x,t,P)~ Y o:(t,P)Ni(x) Nuoy = 0(10%)
i=1
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This complexity increases further when we consider
design parameters, denoted here as P. These could
be, for example, the varying thicknesses of structural
parts. Therefore, the variable U depends also on
those parameters. In structural car optimization, we
need to evaluate the performance for each
configuration of parameters.

When carrying out an optimization study, the classical workflow typically looks something like this:

Standard Optimisation Study

« Design of Experiments: compute the performances related to some
(key) parameter combinations using FEM =

O(u(z,t, P1)), O(u(z,t, P2)), -, O(u(z, t, Py))

« Construct response surfaces .
iy R O(7)

« Use interpolation on the response surfaces to compute the
performances required by the optimisation algorithm.

1. We first develop a design of experiments (DOE)
where some key parameter combinations are
defined, denoted here as P1, P2, etc.

2. We then launch several high-fidelity model
computations to obtain the related variable U and
then use post-processing to obtain the related
performances

3. Next, we construct the response surfaces based
on these performances. This surface is built based on
an algebraic tool to interpolate between the
performances related to DOE.O

4. Finally, we use interpolation on the response

surfaces to compute the performances required by the optimization algorithm

How using ADMORE, can a reduced order model be built?

Reduced Order Modelling (ROM)
No,

« FEM: u(x,1)~ Z'ai(:)fv.(x) Naog = 0(10°)
=1

Neom
* ROM: u(x,1) = ¥ Ti(0)Si(x) Nyom << Naoy
i=1
* Reduced bases are computed by
»Proper Generalized Decomposition (PGD)
»CUR matrix decomposition (CUR)
»Proper Orthogonal Decomposition (POD), Singular Value
Decomposition (SVD), Dynamic Mode Decomposition (DMD),
Empirical Interpolation Method (EIM)...

By introducing reduced order models, we aim to
drastically reduce the description of the variable U.
Instead of looking for U as the combination of a large
number of shape functions, a reduced order model
(ROM) builds U as a combination of a small number
of functions, denoted here by Si, known as reduced
basis or modes. The response surfaces reduce the
complexity of the performances, which are functions
dependent on the variable U. Essentially, the reduced
order model tackles the cause of the computational
complexity in the calculation of U.

To define such reduced bases, we can use a variety of methods. In this presentation, we will focus on just
two, the Proper Generalized Decomposition (PGD) and Column-Row Decomposition (CUR) methods.
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_ Let’s, first, summarise how the reduced order model
Optimisation with ROM will be used in an optimization workflow:

+ Design of Experiments: Compute for some (key) parameter 1. We start by deve|oping a design of experimentsy
combinations using high fidelity models . . .
where some key parameter combinations are defined,

u(zt, B, ulzt B, - s u(=t, F) denoted here as P1, P2, and so on
Ul RoM 2. We then launch the high-fidelity model computations
*» Use the ROM to approximate u(z,t, P) and then the related to Obtaln the rEIatEd Va”able_s U(Pl)’ PZ' etC
performances O(u(z, t, P)) required by the optimisation algorithm 3. The reduced order model is then built, which allows

the computation of the variable U for any combination
of parameters
4. Then we use the reduced order model to approximate the variable U for any combination of
parameters and post-process it to obtain the related performances required by the optimization algorithm.

With regards to the sPGD method, how can this approach be applied to an optimization
study?

sPGD stands for sparse Proper Generalized Decomposition and was developed by ESI’s Scientific
Director Prof. Francisco Chinesta. This method considers the parameters as extra coordinates of space
and time. It also approximates the variable U as a combination of a separated representation of the
space, time, and parameter coordinates. This combination contains a reduced number of functions, or
modes, depending separately on space, time, and parameters.

P o do we do that? Wel, once the design of

N experiments is defined and the related high-fidelity
sPGD (non-intrusive) . .
+ Parametric solution: consider parameters as extra coordinates model Compl’Itatlon IS IaunChed’ _We _COIIeCt’ for .eaCh
Wi, P) = 3 TS 0BP) computation of parameter combination, the variable U
DEEUOMEENSREWEE  dodesi odes 2 as a matrix. To illustrate this decomposition, we
P oy develop a 3D representation of this - one axis for
space, one for time, and one for the parameters. The
sPGD method collects these modes iteratively. For the
first mode, we look for 3 vectors whose product best
5 S5 approximates the cube. For the second mode, the
T three vectors whose product best approximates the
residue are found, and so on. We continue until we reach a good approximation by collecting N reduced
order model modes representing the matrices U of the high-fidelity model.

T Vb

Q

What is the second reduced order model method “CUR” about and how can we apply
this approach to an optimization study?

The second method s based o the CUR

ReCUR (non-nrusive) decomposition usually qsed to compress matricgs.
For example, for a matrix denoted X, we approximate

" CUR decomposition: X ~ CUR it by the products of three matrices C, U, and R. C is

B R a set of selected columns of X, R is a set of selected
rows, and U is a small matrix combining these
columns and rows. This also means that each cell in
X can be explained or approximated by a combination
of a product of one column and one row.
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For a parametric study, we extend the CUR decomposition to approximate Xp by regression for any
parameter combination outside the DoE. Re-CUR comes from the phrase ‘Regression CUR’.

_ From high-fidelity simulations, we collect the Xp

ReCUR (non-intrusive) matrices containing .dlsplacement_s of the variable U.
We apply the Empirical Interpolation Method to all the
* Regression CUR {ReCUR) Xp matrices to collect columns and rows denoted,
Xp CUPR o respectively, C and R. Each Xp is approximated by a
CUR decomposition where the link with parameters
is supported by the matrix Up. To interpolate for any
other combination of parameters, we have to
interpolate the Up matrices. To achieve this, we can
use a linear regression, such as a least squares or
lasso method, or a nonlinear regression via machine
learning. In this study, we used the random forest method.

»C and R are collected by EIM on all Xp

~Use regression:
= Linear: least square, Lasso...
* Nonlinear: Random Forest, RNN...

Is there a real-life case study of applying ADMORE to a specific crash simulation case?

There’s a use case where we deployed this approach for crash simulation, specifically to assess vehicle-
side member reinforcement methods. This is based on work we carried out in partnership with Renault.

This is an example of a Mobile Progressive
Deformable Barrier or MPBD test. Here we used a
high-fidelity model with 6 million nodes and 8 million
elements. We are interested in 31 different intrusions
to measure and assess occupant safety, and, bearing
in mind that one high-fidelity simulation took 12 hours
on 144 processors, this number of quantities of
interest will have a significant effect on the simulation
performance.

The optimization considered in this particular study is
a reinforcement method. This method is applied
during the project vehicle development when the
performance of the nominal design, determined by
the crash development team, deviates from the
targets and no longer satisfies the safety criteria.
This deviation is typically due to constraints imposed
by different service teams involved in the project
development. This method looks to reinforce or
reduce local zones in the structure using triggers
such as safety targets.

In the case of the model in our study typically the
side member is divided into 23 local zones to be
weakened or reinforced by varying each thickness
zone by +- 0.2 mm. These local zones are those
marked in blue and red.
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In practice, and to identify the local zone to reinforce or reduce, the engineer starts by varying each zone
one at a time using high-fidelity models to find a solution. In this case that equates to 46 high-fidelity
simulation runs, which takes a significant amount of time and computing cost. If any solution is found from
those 46 runs, it is sent to the optimization team for further work.

What was the goal of this study with Renault?

The objective of this study is to use ADMORE to accelerate this process and find a solution through
significantly fewer high-fidelity computations. For this optimization problem, with those 23 parameters,
high-fidelity simulation runs need to be first carried out to build the reduced-order model. Using sPGD, 24
runs are required, or, using ReCUR, just 12 runs are needed. We then carry out an iterative, or
combinatorial, exploration of the zones to reinforce or to weaken to meet the safety targets:

¢ Initeration one, we explore configurations that reduce or weaken one zone at a time. So, for
those, 23 zones, 46 configurations need to be assessed, using the two reduced-order modeling
methods, sPGD and ReCUR. Among these predictions, we select the best candidate giving the
best performance and we launch a related high-fidelity simulation to validate this candidate.

e Initeration two we explore configurations that reduce or weaken two zones at a time, which
requires 1012 predictions to be carried out with the two ROMs. We, again, choose the candidate
giving the best performance and launch the relevant high-fidelity simulation.

How does the solution look like in the software?

. In this video you can see the reduced order model
AL L AL - e using sPGD, where our 23 parameters can be varied
: using dynamic sliders. The sliders enable the
parameters to be varied, changing the thicknesses of
the 23 zones from -0.2 mm, weakening the zone, to
0.2mm, reinforcing the zone. The sliders are all on
zero at the start, which represents the nominal case,
so we can see the shape of the nominal side
members. Moving the sliders for one value to
another shows how the side members behave and
deform with reinforcing or weakening of the zones.

What are the results that Renault got from this work?

This image shows the quality of the reduced order

, model built via the SPGD method. We have a
sPGD model quality . . . X .
section view of the car during the crash simulation,
comparing the high-fidelity in blue and, in red, the
‘ predicted results using SPGD. The view on the left
/@ 2 & 5 a shows a simulation run where the parameters are
=) [y ) -
e set to the same as one of the 24 configurations
’ I ) / ﬂ - already used in the design of experiments training.
s P el The view on them left uses parameter configurations
L o L v’ U outside of those used in the design of experiments
stage.

+ HFM vs. ROM prediction + HFM vs. ROM prediction
= Parameter set used in ROM training - Parameter set not used in ROM training

I

b}
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If we focus on the frame where the intrusions are at the maximum, we can see that the predictions are
quite good, specifically on the footwell area where the intrusions are measured for the occupant safety.

The image below shows a comparison between, in blue, the high fidelity computations of the nominal
which does not satisfy the safety targets, and, in red, the high fidelity computations of the best candidates
identified by the sPGD model.

e On the left, showing iteration 1, where we reduce

or weaken one zone at the time, zone 1 was
sPGD candidates validated by FE solution
e . R , selected to be weakened.
. nominal vs. M . nominal vs M iteration-2 best . . .
iteration-1 best candidate candidate e Onthe rlght, for iteration 2, where we reduce or
Fa weaken two zones at the time, the adjacent

@ﬂ zones 1 and 2 were selected to be weakened.
Z [t
h“--ﬁr
Lo
g

Thickness reduced in zone 1 Thickness reduced in zones 1 and 2.

When focusing on the frame where the intrusions
are at the maximum, we can clearly see the
difference in deformation.

Similar to the previous example, where we used the sPGD method, this shows the quality of the reduced
order model built, this time, via the ReCUR method. As before, we have a section view of the car during
the crash simulation, comparing the high-fidelity in blue and, in red, the predicted results using ReCUR.

ssigroup.com The view on the left shows a simulation run where
the parameters are set to the same as one of the 12
ReCUR model quality configurations already used in the design of
Partor oot o b ROM g Paoir st o o B ROM 31K experiments training. The view on them left uses
' parameter configurations outside of those used in

If we focus on the frame where the intrusions are at
the maximum, where they are measured, we can
see that the predictions are, again, good, specifically
on the footwell area where the intrusions are
measured for the occupant safety.

/"% e the design of experiments stage.
/ “
‘ /&
| ©r s

Again, as with the previous sSPGD example, here we see a comparison between, in blue, the high fidelity
computations of the nominal which does not satisfy the safety targets, and, in red, the high fidelity
computations of the best candidates identified by the ReCUR model.

e On the left, showing iteration 1, where we reduce

ReGUR candidates validated by VPS or weaken one zone at the time, zone 5 was
selected to be weakened.

+ HFM nominal vs. HFIM + HFM nominal vs HFM iteration-2 best
iteration-1 best candidate candidate e On the right, for iteration 2, where we reduce or

@% Fa weaken two zones at the time, the adjacent

See( zones 5 and 6 were selected to be weakened.
{,
[\h f When focusing on the frame where the intrusions
N x{ are at the maximum, we can clearly see the
o difference in deformation where new collapse

Thickness reduced in zone 5 Thickness reduced in zones 56

modes were detected by weakening zones 5 and 6
which appear to be critical.
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What are the conclusions that were reached during this study?

During their presentation at ESI Live 2023, Fatima summarized the main project success as follows: “First
and foremost, we are happy that it was confirmed that Renault plans to use these methods in car
development projects.”

There are three main outcomes that were reached so far:

*  Optimisation studies for crash simulations using reduced order models significantly reduces the
computational time and costs compared to a classical response surface optimisation approach

*  The two reduced order model methods considered for this particular real-life industrial case were
both effective in optimising side members, though actual engineering teams will use different
solution, for example triggers.

» Both methods have successfully identified the front of the side member as candidate zones to be
weakened.
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