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Editorial

In their lifetime, a lot of products are permanently exposed 
to environmental infl uences like changing climate, vibra-
tion or mechanically and thermally induced stresses. In ad-
dition, there are manufacturing tolerances, material scatter 
or other stochastic effects, which cause single scattering or 
spatially scattering properties of components and struc-
tures. To ensure product reliability and lifetime, to avoid 
product recalls and to meet safety requirements, these 
variations have to be taken into account in virtual proto-
typing by applying suitable statistical models and methods.

Because of the high computational effort, it is still a great 
challenge in simulation to consider all effecting infl uences. 
Consequently, for example, classic FEM methods often only 
use temperature-based lifetime models in virtual product 
development. Reduced Order Models (ROMs) and Field-
Metamodeling can be applied in order to replace the im-
mense simulation effort on the FE level. Thus, coupled ther-
mo-mechanical simulations become applicable for further 
design optimization

The classical “physics-based” approach of ROMs uses a 
matrix condensation. However, this type of reduction is of-
ten only suitable for linear systems. A data-based ROM is 
also applicable for simulating complex nonlinear systems. 
The method uses function models for approximating the 
response variation based on the infl uence of all effecting 
input variations and depending on a pre-investigated win-
dow of input parameter variation. Here, Field-Metamodels 
(F-MOP) can be used to approximate signals, FEM solution 
fi eld variables or geometric deviation fi elds.

Statistics on Structures combined with optiSLang provides 
automated solutions for the generation, validation and vi-
sualization of F-MOPs. The prediction measure Field-Coef-
fi cient of Prognosis (F-CoP) indicates at which location the 
F-MOP has a high or low prediction quality. This knowledge 
can also be used to quantify the infl uence of scattering 
fi eld inputs on scattering fi eld responses. 

The title story of this RDO-Journal illustrates a coupled 
transient electro-thermal-mechanical fatigue analysis of 
aluminium bond contacts enabled by metamodeling tech-
nology. By using Field-Metamodels, a high approximation 
quality could be achieved and real life load signals could be 
evaluated in almost real-time. Thus, not only lifetime was 
verifi ed, but also the integration of lifetime tracking into 
digital twins becomes possible.

Apart from that, we again have selected case studies and 
customer stories concerning CAE-based Robust Design Op-
timization (RDO) applied in different industries. 

I hope you will enjoy reading our magazine.

Yours sincerely

Johannes Will
Managing Director DYNARDO GmbH

Weimar, October 2018
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At Robert Bosch GmbH, metamodeling was applied as an alternative to electro-thermal-mechanical FEM 
simulation in order to accelerate the assessment of temperature fi elds or contact stresses.

FIELD-METAMODELING FOR TRANSIENT 
ELECTRO-THERMAL-MECHANICAL APPLICATIONS

TITLE STORY // FIELD-METAMODELING 

Introduction
Electronic circuit boards are used in a wide variety of en-
gineering applications. In the automotive industry, for in-
stance, they can be found in electronic power steering as-
semblies. This case of application was also used as a test 
vehicle for the method that is described in this article. Oth-
er examples are battery load control circuits, motor control 
or safety devices like traction control and ESC. These circuit 
boards are constantly exposed to environmental infl uenc-
es like changing climate conditions (humidity), hazardous 
chemical conditions, vibration and mechanically and ther-
mally induced stresses.
 The goal in predictive engineering is to assess mechan-
ical designs with respect to real world load cases. It should 
be possible to create and validate engineering designs with 
a verifi cation of operational readiness during the full prod-
uct lifetime.
 One area of interest in that regard is the fatigue analy-
sis of aluminium bond contacts during load cycle opera-
tions. Here, transient input signals originating from the bus 
system, e.g. steering or brake controls, as well as changing 
environmental conditions, lead to mechanically and ther-
mally induced strain. Due to deviating stiffnesses and ther-

mal coeffi cients of expansion at the electrical contact area 
(see Fig. 1), the aluminium bond contacts might fail, which 
is not acceptable in safety-critical applications.
 State of the art in computer aided design is the fully 
coupled FEM analysis using design platforms, such as AN-
SYS Workbench, to model the thermo-mechanically coupled 
electric circuit board under different loading conditions. 
For the broad range of real-world load cases, it needs to 
be considered that, during the design phase, fully coupled 
transient simulations have been infeasible yet. Using the 
FEM method, only temperature-based lifetime models are 
applied in industrial applications, due to the large compu-
tational demand. The next evolution is a design assessment 
based on a full thermo-mechanical coupling (see Fig. 2), but 
in order to use this approach effectively, much more effi -
cient solution techniques need to be developed.
 This article demonstrates how a fully coupled transient 
electro-thermal-mechanical FEM simulation can be replaced 
by metamodeling technology. First, the fi eld solution quanti-
ties are expressed using shape decomposition techniques. 
Based on a design of experiment, the resulting shapes of the 
design space are then used to generate a fi eld-metamodel that 
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can be applied to very rapidly compute new transient fi eld re-
sponses, like temperature fi elds or normal contact stresses. The 
results are then implemented into a rain-fl ow counting routine 
to make design decisions based on the complete transient fi eld 
response in almost real-time (see Fig. 3).

Methodology

Field-Metamodeling
Scalar based metamodels are used in engineering as handy 
surrogate models. Due to their good mathematical founda-
tion and ease of application, they are widely accepted in the 
engineering community. These surrogate models are not 
only applied as a replacement for the complex and error 
prone large-scale simulation models, but also for gaining a 
general knowledge of the non-linear correlation of the cor-
responding input and output parameters. Metamodels can 
be used to gain engineering knowledge and often give the 
design engineer the key insight into what really infl uences 
the design response.
 Field-metamodels are a natural multi-dimensional ex-
pansion to the idea of scalar based metamodels. Instead of 
the simpler one-dimensional scalar input-output response 
correlation modeling (e.g. nodal stress at a time instant, 
scalar integral quantity, maximum defl ection, as well as 

Fig. 2: Next step in lifetime modeling from temperature-based to thermo-

mechanical models

Fig. 1: Circuit Board with electric aluminium bond connections

Fig. 3: Rainfl ow counting for fi eld result quantity
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stress for a complete domain) the fi eld-metamodel gener-
ates a surrogate model for the full fi eld response. The meth-
od is based on a Karhunen–Loève like decomposition of the 
fi eld quantity in the parametric design space, which is later 
daisy-chained by using non-linear models.
 In the current example, the full temperature and stress 
fi elds are expressed with this type of model. As an advan-
tage of this approach, the design engineer does not need to 
pin-point one specifi c location of interest, before he builds 
the surrogate model. Furthermore, changing locations of 
interest during a transient analysis, e.g. hot spot analysis, 
becomes much more feasible.

Sensitivity Analysis
Fig. 4 demonstrates the underlying FEM simulation work-
fl ow generated in ANSYS Workbench. An electrical input 
signal is applied in an electric fi eld simulation. The eddy 
currents act as source terms for the transient temperature 
computation. This data is subsequently fed into a thermo-
mechanical stress strain simulation. 
 The resulting fi eld-metamodel is based on a parametric 
scan of the underlying design space. It is important to note 
that electric loading leads to different temperature fi elds, 
depending on the load history. Therefore, a transient pa-
rametrization has to be generated to capture these effects.
The input space consists of environmental conditions, e.g. 
ambient temperature and the electric loading signal, for 
which an appropriate partitioning scheme was devised. Af-
terwards, an Advanced-Latin-Hypercube sampling is used 
to generate a design of experiments that captures the un-
derlying design space of the fl uctuating current input sig-
nal. The parametric agglomeration of input to fi eld-output 
data fi nally builds the foundation of the fi eld-metamodel.

Transient fi eld surrogate model
The basis of the fi eld surrogate model is a shape decompo-
sition of the quantity of interest. Fig. 5 visualizes the fi rst 
three expansions of the normal stress fi eld of the alumini-
um bond contact surface. Any response fi eld of the underly-
ing design space might be decomposed into such prototype 
shapes. Together with the information of the input param-
etrization of the design of experiments, a surrogate model 
can now be built. The resulting metamodel can now be 
used to generate fi eld responses for new input sets and to 

Fig. 4: Coupled transient Electrical-Thermal-Mechanical ANSYS Workbench model

Fig. 5: First three shapes of metamodel stress fi eld decomposition in normal 

direction for the bond contact surface
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visualize the non-linear input-output correlation, much like 
their scalar companions. Additionally, a multi-dimensional 
Coeffi cient of Prognosis (CoP) value is available for the do-
main, which demonstrates the model approximation qual-
ity at each location of the model (see Fig. 6).
 The input parametrization of the design of experiments 
results in a scalar input to multi-dimensional fi eld output 
mapping. In the beginning, it was stated that the history of 
the applied loading affects the outcome of the experiment. 
Put differently, the current input signal and the temperature 

fi eld at each position affect the next temperature approxi-
mation. Therefore, the temperature is not only considered 
as an output, but also as an input. The above-mentioned de-
composition technique is therefore applied to the tempera-
ture state at each beginning of a parametrized load step to 
generate a unique fi eld decomposition. The enlarged design 
space is then used to generate a fi eld-metamodel, which is 
not only based on the scalar input quantities, but it also re-
lies on the temperature fi eld information on the full domain 
at the beginning of each load step.

optiSLang custom input integration
The resulting fi eld-metamodel can be used inside of standard 
optiSLang workfl ows. A custom input integration was devel-
oped (see Fig. 7) to allow users to enter text-based load cycle 
data and generate a full fi eld response, which is based on 
the transient approximation as defi ned above. The choice of 
custom integration interface also allows non-experts to use 
these surrogate models. Thus, they can make engineering de-
cisions without having expert simulation knowledge. Results 
can then directly be stored using simulation data manage-

ment technology to ensure traceability and to make them 
available to other stakeholders like circuit board designer and 
project management.

Results and discussion
The fi eld-metamodel technology has been effectively applied 
in the design of electric circuit boards. Fig. 8 shows how the 
normal stress on the inside of the bond contact surface chang-
es as a function of a varying input current load signal. The out-
put of the transient surrogate model (dashed line) matches 
very closely the response of a fully coupled FEM simulation 
(continuous line).  For this specifi c example, the computation 
time could be reduced from around 25 hours for the FEM mod-
el to approximately two minutes using the fi eld-metamodel. 
For longer profi les, FEM will no longer be feasible and the ben-
efi t of the metamodel will be even bigger.
 The surrogate model can be used to fully replace a com-
plex FEM simulation, while signifi cantly reducing the com-
putational demand. With this approach, thermo-mechanical 
analysis as the next step in lifetime-based modeling becomes 
reality. It furthermore demonstrates that real-time or almost 
real-time digital twin applications are practical and feasible.

Authors // 
K. Riester (Robert Bosch GmbH), S. Klonk (Dynardo GmbH)

Fig. 6: Field-CoP values for metamodel of stress fi eld in normal direction for 

the bond contact surface

Fig. 7: Use of custom algorithm integration node in optiSLang for an easy use 

in user defi ned workfl ows

Fig. 8: Comparison of transient stress fi eld solution at bond contact surface 

using FMOP-surrogate model to full FEM model
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Introduction

Vertical fi lling
Vertical fi lling is a fl exible process and commonly used in in-
dustrial packaging of granular foods, such as candy, snacks 
and bakery goods. The process is shown schematically in 
Fig. 1. By increasing the frequency of drops of granulate 
portions, the output rate can be easily increased. However, 
the time distance between the portions must be kept large 
enough so that there is enough time to perform sealing. Oth-
erwise, particles get caught between the sealing jaws, which 
often results in need for maintenance. Thus, compact falling 
of the portions is important for keeping the process reliable.

Discrete Element Method (DEM)
1. Overview
The Discrete Element Method (DEM) simplifi es contacts by 
assuming particles to be stiff. Deformation is implemented 
by allowing a small overlap between particles. Contact forces 
are then calculated with simple relations to the current over-
lap. A variety of contact models is available in different DEM 
implementations. The model used here is the linear hyster-
esis model developed by Walton and Braun [1, 2] (Fig. 2).

2. Model Calibration
Identifying model parameters for DEM simulations is chal-
lenging [4, 5]. An attractive and commonly used method is 
numerical model calibration, which consists of varying the 
model parameters while comparing the simulations to ex-
perimental results until reality is reproduced to a satisfac-
tory extend. Calibration is usually performed in a relatively 
simple representative experiment [6]. A consecutive valida-
tion step can be then performed to verify if the model pa-
rameters hold up in the actual process of interest. 

3. Solver Noise
Since granular systems are highly chaotic, small variations in 
initial conditions, such as the precise positions of individual 
particles in the collection bin before the drop [3], can dramati-
cally affect the process outcome [7]. Physical randomness, just 
as process design, can be of great importance in achieving a 
desirable outcome and avoiding unfavorable ones. This is true 
for the physical process as well as for the simulations.

Goal
For this study, model parameters for a granular sample food 
had to be found. The chosen good was sugar-coated, bite-

At Robert Bosch Packaging Technology, optiSLang was used in conjunction with Rocky DEM to obtain accurate 
models for the simulation of vertical fi lling of granular foods.

CALIBRATION OF DEM SIMULATIONS FOR VERTICAL 
FILLING: HOW TO HANDLE RANDOMNESS

CUSTOMER STORY // PROCESS ENGINEERING 
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size chocolate candy with a porous cookie core. As calibra-
tion trial, a drop test that is very similar to the industrial 
process was used representing in-situ calibration [5]. Fur-
ther, the necessity to incorporate the physical randomness 
in the DEM simulations and their effect on the calibration 
was evaluated. Finally, the methods were compared with 
regard to their feasibility, robustness and accuracy.

Experiment
The drop setup has been described in [3] and is shown in 
Fig. 3. Two rectangular falling tubes with different inner ar-
eas A□,1 and A□,2 where available. By varying the sample 
mass, a total of three scenarios were performed (Table 1).
 The experiment was initiated by opening the fl aps at 
the bottom of the sample container. The time stamps of the 
fi rst and last particle leaving the tube at the bottom were 

Fig. 2: Relationship between particle 𝛿 overlap and Force 𝐹𝒏 for restitution 

coeffi cient ε=0.4 (from [3])

Fig. 3: Drop setup described in [3] and snapshot of drop test. Measures in mm

Table 1: Scenarios of the drop test

Sample mass Inner tube area Used for

500g

A□,1=76 cm² Calibration

A□,2=100 cm² Validation

700g A□,1=76 cm² Validation

Fig. 1: The vertical fi lling process. Schematic overview over process principle. 

Successful sealing (bottom left) and likely defect due to particles getting 

caught in the sealing unit (bottom right)
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recorded. The difference between these residence times Δ𝑡𝑟𝑒𝑠 is equivalent to the portion range 𝜏𝑟𝑔 discussed in [3].𝜏𝑟𝑔=Δ𝑡𝑟𝑒𝑠=tres,lp−𝑡res,fp
Then, the degree of fi lling 𝛼𝑝 of the tube was tracked over 
time and normalized to the maximal possible value (en-
tire tube fi lled). Fig. 3 (see previous page) shows a frame 
cropped to the tube and the relative particle occupancy 𝛼𝑝 
plotted over time.

Simulation

Discrete Element Method
The experimental design (see chapter Experiment) was rep-
licated with CAD tools and imported into the DEM environ-
ment. The pieces of candy were nearly spherical, so a spher-
ical particle representation was chosen. The average sieve 
diameter of the particles was used as the sphere’s diameter.
 Young’s modulus was chosen with regard to numeri-
cal criteria (computational cost and numerical stability) 
and left constant at 108 Pa [8]. The calibration parameters 𝑥 (Table 2) were friction coeffi cients 𝜇, respectively for the 
static (sticking) and the dynamic (sliding) case and the coef-
fi cients of restitution ϵ. Each parameter was assumed dif-
ferent for the interaction between the particles (P-P) and 
the interaction between particles and the boundary (P-B). 
Additionally, a factor for rolling resistance was calibrated to 
account for the increased rolling of spherical particles com-
pared to the real particles [9]. The eventual model param-
eters 𝑥 differ from the “true” physical parameters due to 
model shortcomings [10, 11]. 

Calibration
The goal of model calibration is to identify the parameter 
set 𝑥 that produces the best match between simulations 𝑤 and the experimental results 𝑢. For the drop test, we 
aim to accurately predict the portion range 𝜏𝑟𝑔 from the 
experiment. This goal can be formulated as an optimiza-

tion problem, where the error between the simulation and 
the experiment has to be minimized. Several optimization 
strategies have been used for DEM model calibration, such 
as manual comparison [12], gradient-based methods [13], 
genetic algorithms [14] and Artifi cial Neural Networks [4]. 
A recently followed approach is to create a metamodel with 
a kriging algorithm from several anchor points in the pa-
rameter space and perform the optimization on the result-
ing surrogate model [15].
 The benefi t of the latter method is that the number of 
solver runs can be reduced and evaluation of the goal func-
tion on the surrogate model is quick.
 The procedure was implemented in an automated cali-
bration workfl ow (Fig. 4) in optiSLang. The DEM solver was 
called at different parameter sets (samples) and the results 
were compared to the experimental data. The data was then 
processed into a metamodel of the solver behavior.

1. Metamodeling
Kleijnen [16] gives a comprehensive theoretical overview 
over metamodeling methods, so we will use part of his 
nomenclature here. The solver output 𝑤 has to be approxi-
mated by the output  of the metamodel 𝑓𝑚𝑒𝑡𝑎.𝑤 = 𝑓𝑠𝑖𝑚(𝑥,𝑟) = 𝑓𝑚𝑒𝑡𝑎(𝑥) + 𝑒𝑓𝑠𝑖𝑚 is the noisy solver function which depends on the cali-
bration parameters 𝑥 and the seed of the random number 
generator 𝑟. The metamodel function is 𝑓𝑚𝑒𝑡𝑎 with its val-
ue depending only on the calibration parameters 𝑥. 𝑒 is the 
residual vector, in which the local error of the metamodel 
at anchor point 𝑖 is𝑒𝑖 =  − 𝑤𝑖

Table 2: Calibration parameters

Parameter Material and Scenario Symbol

Friction

Particles – 
Particles

Static 𝑥1 = 𝜇𝑠,𝑃−𝑃
Dynamic 𝑥2 = 𝜇𝑑,𝑃−𝑃

Boundary – 
Particles

Static 𝑥3 = 𝜇𝑠,𝑃−𝐵
Dynamic 𝑥4 = 𝜇𝑑,𝑃−𝐵

Restitution
Particles – Particles 𝑥5 = 𝜖𝑃−𝑃
Boundary – Particles 𝑥6 = 𝜖𝑃−𝐵

Rolling 
Resistance

Particles 𝑥7 = 𝑅𝑅

Fig. 4: Calibration Workfl ow in optiSLang
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If we make the assumption, that the kriging algorithm is 
capable of describing the behavior of a deterministic solver 𝑓𝑠𝑖𝑚(𝑥), there must be an kriging parameter set 𝛽 which 
provides optimal fi delity. However, we must keep in mind, 
that we only have a fi nite amount of anchor points  to 
work with, so we can only fi nd an estimate  of 𝛽. [16]
 In the case of a noisy solver 𝑓𝑠𝑖𝑚(𝑧,𝑟), the regression 
will smooth out some of the solver noise [17, 16], while pro-
ducing greater residuals than in the deterministic case. This 
does not imply bad quality of the metamodel but rather 
highlights the deterministic nature of 𝑓𝑚𝑒𝑡𝑎. The criteria 
after how many simulation run the metamodel should be 
fi nalized is not obvious here. A possible criterion is to track 
the mean residuals over the number of anchor points 𝑛 and 
stop the process when stagnation is reached. It is however 
not guaranteed that this point will coincide with an accept-
able quality of .

2. Adaptive Sampling
Choosing the anchor points with Latin Hypercube sam-
pling (LHS) [18, 19] allows a suffi cient coverage of the pa-
rameter space, while avoiding undesired sampling effects 
at a smaller number of anchor points [20]. However, DEM 
simulations are computationally expensive, so adaptive 
sampling, similar to [21], was performed to further reduce 
the number of solver calls.
 The general topology (i.e. global trends) of the 
metamodel can be estimated quite well in an exploration 
phase with relatively coarse sampling. In a refi nement it-
eration, we can add anchor points in the interesting regions 
of the metamodel (i.e. where the predicted error Δ𝜏𝑟𝑔 be-
tween simulation 𝑤 and experiment 𝑢 is low) and recal-
culate the metamodel. With the refi ned information on 
promising zones, we can then repeat the refi nement for 
several iterations until stagnation is reached or the maxi-
mum computation budget is spent.

3. Optimization
Kriging models are smooth. Therefore, fast gradient based 
approaches can be used for optimization [21, 22]. The imple-
mentation of the Lagrangian NLPQL solver of optiSLang was 
used due to its numerical performance and accuracy [23, 24].

Validation
There are two sources for errors in the calibration process: 
numerical (insuffi cient metamodel quality) or systematic 
measurement errors and shortcomings in the DEM model. 
To exclude both, two separate validation steps were per-
formed.

1. Metamodel Validation
In order to ensure the prediction capability of the metamod-
el, a set of m validation simulation runs were performed at 
the supposed minimum 𝑥𝑜𝑝𝑡 and their results 𝑤1, 𝑤2 ...,𝑤𝑚 
were averaged. The difference 𝑒𝑜𝑝𝑡 = 𝑜𝑝𝑡 − 𝑜𝑝𝑡 is a tell-
er for the reliability of the metamodel at that point. If the 

error is unacceptably high, more anchor points should be 
added to increase the accuracy of .

2. Parameter Validation
To verify that the obtained parameter set 𝑥𝑜𝑝𝑡 was viable 
outside the calibration scenario, validation simulations 
were performed in the respective scenarios shown in Table 
1 (see p. 7) The results were obtained from m averaged sim-
ulation runs.

3. Randomness
In real-life, the fi lling of the containers is a random process 
that cannot be reproduced in the next run, resulting in a par-
tially random initial condition (RIC) of the bulk. This random-
ness is a physical property of the processes, infl uencing the 
outcome of the experiment.
 The simulations were designed to account for that ran-
domness, so a random and fl at particle bed was created in the 
simulations before release. This added computational cost of 
around 37 seconds to the runtime of 110 seconds per run on 
average (34%). Furthermore, the RIC increases solver noise.
 Both increased cost and solver noise are undesirable 
from an engineering standpoint, while it is unclear if the 
physical randomness actually plays a signifi cant role and 
if the additional effort is justifi ed. In order to determine 
whether the implementation of the physical randomness is 
actually necessary, we also performed the calibration with 
an arbitrary but constant initial state (CIC).

Results
Table 3 shows the number of anchor points (simulated 
parameter sets) over the iterations. Fig. 5 (see next page) 
shows a projection of a graphical representation of the 
metamodel after different iterations 1 and 10. The param-
eters found to be the most infl uential on the portion range 𝜏𝑟𝑔 were 𝜇𝑑,𝑃−𝐵 and 𝑅𝑅. All other parameters are held con-
stant near their respective optimum for low DEM model er-
ror. We observe only a slight change in the topology of the 
metamodel between Iteration 1 and 10. This suggests that 
the sampling could be stopped after iteration 1. 
 However, to gain insight into the quality of the predic-
tion of the metamodel, we also must assess the residuals 𝑒 

Table 3: Number of anchor points n and total computational cost of the cali-

bration in the drop test at different iterations | *after iteration 1

Iteration 1 
(Explora-

tion)

Itertion 
3

Iteration 
10

Iteration 
20

Average 
per 

Iteration*𝑛𝑟𝑛𝑑 290 379 693 1162 46cost 11.8 h 15.4 h 28.2 h 47.3 h 1.9 h𝑛𝑐𝑛𝑠𝑡 289 378 698 1143 45cost 9.1 h 11.5 h 21.3 h 34.9 h 1.4 h
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of Δ𝜏𝑟𝑔. Fig. 6 shows the local residuals 𝑒 of the metamodel 
in the same range as Fig. 5. We fi nd that uncertainty is quite 
high at iteration 1, especially in the area of low predicted 
errors Δ𝜏𝑟𝑔. This implies a bad estimate . After increasing 
the number of anchor points to more than twice the original 
count, at iteration 10, residuals were signifi cantly lower, es-
pecially in the interesting areas of the metamodel.
 Fig. 7 shows the relationship between the residuals 𝑒 
in regions of low predicted errors Δ𝜏𝑟𝑔 and iteration num-
ber for the entire parameter space. Stagnation begins after 
iteration 3, which suggests that adding samples does not 
improve the metamodel anymore [16].
 In the next step the minimum error min (Δ𝜏𝑟𝑔) was de-
termined on the metamodel with the NLPQL optimizer. The 
runtime was < 1 min. The metamodel was then validated at 
the supposed minimum 𝑥𝑜𝑝𝑡 according to Table 1, showing 
a very good match (Fig. 8). This confi rms that the metamod-
el is indeed of high quality.
 The optimized parameter set 𝑥𝑜𝑝𝑡 was then used for 
the two validation trials as shown in Table 1. The results are 
shown in Fig. 8. We fi nd that the calibrated model exhibits 
a high fi delity in reproducing the experimental results. An 
overview over the accuracy of the DEM models is presented 
in Table 4.

The entire calibration process was repeated with a con-
stant initial condition (CIC) before the drop. The results are 
shown in Fig. 8. We obtain a nearly equally good result as in 
the case with the RIC. This suggests that the physical ran-
domness was not crucial for the accuracy of the metamod-
el. This however could only be true for the particular initial 
condition chosen here.

Fig. 5: 2-dimensional projection of the 7-dimensional metamodel for Δ𝜏𝑟𝑔 
in % in relation to the two most infl uential parameters (𝑅𝑅 and 𝜇𝑑,𝑃−𝐵) at 

iteration 1 (Exploration) and 10 (RIC).

Fig. 6: 2-dimensional projection of the local residuals 𝑒 of Δ𝜏𝑟𝑔 for iteration 1 

(exploration) and iteration 10 (RIC).

Figure 7: Residuals e of 𝜏𝑟𝑔 for the areas of the metamodel with low predicted 

DEM model errors Δ𝜏𝑟𝑔 over iterations (RIC). The respective number of itera-

tion used to calculate the residuals are shown as dotted lines.
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Conclusion
We found that the selected drop test is a suitable experimen-
tal approach for DEM model calibration, yielding low predic-
tion errors of a maximum of 2%. The calibration was repeated 
without physical noise, which yielded an equally good result. 
This suggests the conclusion that physical noise is not relevant 
for the calibration, however it still needs to be proven whether 
this is true for all initial conditions or only some.

Author // St. Kirsch (Robert Bosch Packaging Technology B.V.)
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Fig. 8: Results of calibration in the drop test (RIC and CIC), validation of 

metamodel after optimization and parameter validation in the drop test 

with A□,2 > A□,1

Table 4: Actual error of 𝜏𝑟𝑔 for metamodel validation and for the eventual cali-

brated parameters x for the random initial condition (RIC) and constant initial con-

dition (CIC). Simulations were performed m=20 times and their results averaged

m=20 Metamodel 
Validation

Parameter Validation

500 g, A□,1 500 g, A□,2 700 g, A□,1

Drop, RIC Δ𝜏𝑟𝑔=1.1% - Δ𝜏𝑟𝑔=1.9% Δ𝜏𝑟𝑔<0.1%

Drop, CIC Δ𝜏𝑟𝑔=0.7% - Δ𝜏𝑟𝑔=1.6% Δ𝜏𝑟𝑔=0.7%
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Introduction 
Exhaust manifold components in the automotive industry 
are typically subjected to high thermo-mechanical cyclic 
load and prone to fatigue failure. Location of minimum life 
varies with mainly three factors – inaccurate determination 
of material model coeffi cients, thermo-mechanical load 
variation and manufacturing variability such as uneven 
thickness of the manifold wall because of the casting pro-
cess. Manufacturing variability is random in nature and dif-
fi cult to address through deterministic CAD model change 
and to be re-run as an entire simulation for life estimate of 
components. At the same time, a large number of proto-
type casting and testing incurs huge cost. 
 This article describes a model order reduction tech-
nique to quantify the spatially distributed manufacturing 
variability using random fi eld shapes for component wall 
thickness variation combined with mesh morphing to pro-
duce different geometries. As the material yield points of-
ten could not be determined with confi dence, fi eld models 
are used to generate additional random parameters. Also, 
randomness of the peak cyclic temperature and correspond-
ing convection fi lm coeffi cients are represented by random 
input parameters. Minimum fatigue life and its location is 

identifi ed from a quantile plot over the component surface. 
Finally, the sensitivity for the minimum fatigue life is es-
timated using a variance based sensitivity analysis. In the 
following two sections, material modeling and fatigue life 
estimation using crack tip opening displacement (CTOD) 
methods will be described briefl y. Finally, a quantifi cation 
of uncertainty will conclude the study. 

Selection of Material Models
Selecting the right material for different parts of the com-
ponent form is a critical element to design for thermo-
mechanical fatigue. It is important to characterize how 
this material behaves when exposed to different loads and 
conditions. For material characterization, the usual proce-
dure would be to capture through physical testing of cou-
pons how the materials behave at different temperatures, 
strain ranges, strain rates, dwell periods, different phases 
between thermal and mechanical strain, environments, etc. 
Rate effects are dominant at temperatures higher than half 
the homologous temperature. Furthermore, isotropic work 
hardening is more dominant at lower temperatures. 

ANSYS India conducted a reduced order model based sensitivity analysis of thermo-mechanical fatigue life of an 
exhaust manifold subjected to uncertainties in material, loading and manufacturing.

SENSITIVITY ANALYSIS OF THERMO-MECHANICAL 
FATIGUE LIFE OF AN EXHAUST MANIFOLD 

CASE STUDY // AUTOMOTIVE ENGINEERING 
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The effect of strain rate is captured through a viscoplastic 
model, which essentially follows what is known as the over 
stress model. At very slow plastic strain rates, a characteris-
tic of this model is to follow the rate independent plasticity. 
In this case, the stress is at the yield surface. The applied 
model has multiple layers and is able to capture the visco-
plastic behavior at different stress levels.
 Kinematic hardening captures the Baushinger effect, 
where the centre of the yield surface moves in response 
to plastic strains. At this centre, kinematic hardening rep-
resents the back stress in the system. In these alloys, this 
movement has a distinct non-linear behavior and, similar 
to work hardening, has a limiting surface to which the 
yield surface can move to. The implementation of the 
Chaboche model (Chaboche, 1989) (Chaboche, 1981) is 
able to capture these characteristics accurately. As an ad-
ditional rate effect, the back stress, which manifests as 
self-equilibrated microscopic residual stresses (Lemitre & 
Chaboche, 1990) at grain boundaries, becomes diffused 
and released if kept at high temperatures for some time. 
This causes the centre of the yield surface to drop back to 
its initial original state over time. This drop follows a non-
linear behavior and is a strong function of the back stress 
itself. This rate effect is captured by enabling the static 
recovery term (ANSYS Inc, 2018) in the Chaboche model. 
Since the material has been characterized, the next step is 
to study what does the component experience as it goes 
through the duty cycle. If reality is mimicked in total, it 
would take a very long period of physical time to solve this 
task potentially, which would not be practical. In indus-
trial practice, therefore a representative cycle approach is 
applied. Essentially, this means to look at the experience 
of the component through a duty cycle somewhere during 
its life. Often this is conducted at mid-life cycle. Then life 
is calculated based on the damage that happens in this 
cycle.

Life Calculation

Methodology
In this study, fatigue life calculation is based on CTOD (Crack 
Tip Opening Distance). Typically, due to presence of high 
temperature, the amount of inelastic strain in the compo-
nent is considerable. Due to a huge plastic zone ahead of 
it, the crack tip becomes blunt. As the load is increased, the 
blunting increases and, after a threshold value of stress, the 
blunt tip opens up, i.e. crack propagates. He et al (He et al, 
1981) analytically calculated the expression for J-Integral, 
consisting of separate elastic and plastic parts, for penny 
shaped cracks. 
 Opposed to stress values, strain values are computed 
between two time points in the stabilized cycle load-step. 
The two time points are shown in Fig. 1. The TMF damage is 
determined from J-integral. From damage, the fatigue life is 
calculated. 

Life Calculation Results
During this study, the component was subjected to tem-
perature cycling as shown in Fig. 2.

The plastic strains stabilized in the third cycle. The time 
points for calculating the stress and strain amplitudes were 
selected as t

0
=8s and t

1
=11s. From the stress and strain am-

plitudes, the damage was calculated for the stabilized cycle. 
The life was then calculated for each element.
 While reporting life, the bolt locations were excluded 
from the model. Bolt locations mostly had high stress con-
centration and singularity as shown in Fig. 3. Also, the criti-
cal location based on the deformation pattern appeared at 
the bends.

Low life regions mostly appeared at bend. Further the life 
and strain plots showed 180-degree rotation symmetry. Af-
terwards, as described in the following section, a sensitivity 
analysis was performed to identify the critical input param-
eters responsible for minimum fatigue life.
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Fig. 1: Time points selected to fi nd the difference in stress tensors
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Figure 3: Plastic strain (left) and life plot (right)
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Uncertainties in Exhaust Manifold Design 
In this study, yield stresses at fi ve temperature points (20, 300, 
500, 550 and 6000C) were given a ±10% variation on the re-
spective reference values. Additionally, the highest cyclic tem-
perature was given a ±10% variation on the reference value of 
6000C. A variation of ±10% was also considered for the con-
vection fi lm coeffi cient at the inner surface of the manifold. 
Manufacturing defects or nominal variation of the geometry 
from the casting process were accounted through a special 
morphing technique clubbed with statistical formulation of 
the spatially distributed randomness as described below. AN-
SYS optiSLang along with Statistics on Structures (SoS) was 
used to generate the random fi elds and to perform the sensi-
tivity analysis as well as the uncertainty quantifi cation.

Random Geometry Generation through Mesh Morphing
A synthetic random fi eld parametric model, representing pos-
sible uncertainties in geometry, was generated on top of the 
nominal mesh of the idealized perfect geometry model. The 
outer surface of the exhaust manifold was provided as the 
surface mesh to be morphed using the synthetic random fi eld 
model. To generate the synthetic random fi eld for every sur-
face nodal point, max/min normal movement was defi ned 
using a standard deviation value. An internal autocorrelation 
matrix based on the distance between nodes was solved in an 
eigenvalue analysis and its eigen shapes and related distribu-
tion of amplitudes were generated. Eigen shapes represent 
variation shapes (scatter shapes) of outer surface of the mani-
fold as shown in Fig. 4. Positive and negative values within an 
Eigen shape indicate outward and inward normal movement 
of the node. A selection from the resulting Eigen shapes was 
used in the morphing process of the surface nodes. Each mor-
phing shape together with mesh relaxation techniques was 
tested separately to ensure that the element Jacobian ratios 
were maintained for accuracy of the fi nite element solution. 
The fi rst 14 shapes were used for the random fi eld paramet-
ric model. They were able to explain any arbitrary variation of 
the manifold outer surface representing 95% of total possible 
surface variation. To generate imperfect surfaces, the shapes 
were multiplied with random amplitudes and combined alge-
braically so that at every node the target input standard devia-
tion value was not exceeded.

Sensitivity Analysis
Using the 14 random amplitudes of the Eigen shapes and ad-
ditional random parameters, in total 21 uncertain parameters 
were considered and their effect on the fatigue life was stud-
ied using a sensitivity analysis plus uncertainty quantifi cation. 
A Latin Hypercube Sampling scheme was used for the Design 
of Experiment and 95 design point results were accomplished. 
The location of the minimum value of life was identifi ed from 
a quantile plot over the manifold surface of 95%, i.e., there was 
5% probability of exceeding the plotted minimum life values. 
Five such critical hot spot locations were identifi ed where the 
life values are low. They are shown in the quantile plot Fig. 5.

Hot Spot Sensitivity
For the above mentioned fi ve locations, a sensitivity analy-
sis based on the 95 design points was performed. The sen-
sitivity of minimum life is plotted in Fig. 6 for the location 
shown in Fig. 5. The peak cyclic temperature and fi lm coef-
fi cient were the most infl uential input parameters and fol-
lowed by four geometry scatter shapes, which had the larg-
est infl uence on the variability of the life estimate.
 Fig. 7 shows the distribution of change in thickness 
of walls for the sensitive shapes 2, 10, 11 and 13. It could 
be observed that all the above shapes were changing the 
thickness at the minimum life location shown in Fig. 5. Fig. 4: Eigen shape contour showing normal movement of node

Fig. 5: 95% quantile plot for fatigue life



Case Study // Automotive Engineering

RDO-JOURNAL // ISSUE 2/2018 15

The forecast quality of the variability of minimum life on the 
response surface was only around 60% as shown in Fig. 6. 
The reason can be attributed to multiple facts. Firstly, 95 runs 
may not be suffi cient for the sensitivity analysis with 21 pa-
rameters. It may require some more runs to improve the fore-
cast quality of the metamodel. Secondly, linear tetrahedral 
coarse mesh was used for the acceleration of the study. This 
might introduce locking in the mesh and noise for the re-
sponse quantities, which could lead to lower prediction qual-
ity. Thirdly, the metamodels were generated for fi ve positions 
of expected minimums. In case the minimum locations are 
moving as a result of input variability, the extraction process 
may add the same additional noise to the results.

CONCLUSION 
In this study, a generic uncertainty quantifi cation approach 
is presented to counter the randomness in nonlinear materi-
al modeling, thermo-mechanical loading and manufacturing 
tolerance altogether. A quantile plot based assessment of 
the minimum crack location and the corresponding sensitiv-
ity analysis helped to identify the important variables, which 
can change the location of cracks and often make it vulner-
able in-service life. The uncertainty quantifi cation in life was 
performed on the base of the Latin Hypercube sampling.
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Introduction

Dilemma of the Product Development
Cost as well as function of a product are decisively infl u-
enced by its requirements, customer benefi ts and, espe-
cially, by its design. There are different development ap-
proaches to reduce the cost and to optimize the function of 
products, which differ in scope, potential of infl uence and 
required time for either new development or an extension 
of a new variant or a ratio project.
 In addition to a reduction of the product costs, these 
approaches also lead to a launch of new products and tech-
nical innovations in shorter time, with the goals of high 
quality and attractive prices. The greatest potential for 
infl uencing costs and functions is in the time of product 
planning and development at the beginning of a product 
realization like shown in Fig. 1. The design, development 
and production planning departments infl uence cost and 
function of a product with approximately 90 % by a simul-
taneous cost share of about 9 % as given in Ehrlenspiel et. 
al. (2014). Due to these facts, a very close networking of 
technical-scientifi c and cost accounting aspects in these 
three departments is necessary.

The challenge in designing products is to seek an optimal 
combination of function and cost fulfi llment without the 
knowledge where to search exactly. One reason for this di-
lemma can be different and contradictory needs of custom-
ers and the number of possible solutions. In order to deter-
mine the cost and functional optimum, several component 
topologies with different materials, manufacturing pro-
cesses, geometric parameters and tolerances would have to 
be developed, designed and compared to each other.
 Even a simple comparison of different screw connec-
tions, which can be interpreted as different product topolo-

The application of optiSLang supports CAE-processes of cost and function optimization to create, compare and 
evaluate different competitive design variants of solenoids used for the control of automatic transmissions.

COST AND FUNCTION OPTIMIZATION APPLIED TO A 
PROPORTIONAL SOLENOID

CUSTOMER STORY // AUTOMOTIVE ENGINEERING 

Fig. 1: Dilemma of the product development in reference to Ehrlenspiel et. al. (2014)
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gies, shows the complexity cost correlation only in terms of 
different relative costs.
 Performing such a detailed study as shown in Fig. 2 for 
all components of a product will require a large number of 
samples, development time and costs. No company can afford 
such an effort due to the cost and time pressure referred by 
Reischl (2000). In practice, therefore only a few detailed so-
lutions are compared for example on the basis of a morpho-
logical box and a subsequent pairwise comparison or similar 
development methods. The resulting product costs are either 
estimated using different methods or calculated with the ap-
propriate effort as mentioned e.g. in Pahl et. al. (2007).

Innovation Hypothesis
This detailed problem description clearly shows the com-
plexity and comprehensiveness of a cost and function op-
timization. It also becomes obvious that there is a great 
potential in creating such a methodology. Here, the basic 
focus is to produce a variety of variants with different com-
ponent topologies in a short time for the analyses of their 
functions and costs. Finally, this evaluation enables a faster 
development of competitive and innovative products.
The actual state of the art is a purely functional optimiza-
tion based on a parameterized product model and a defi ned 
workfl ow as shown in Fig. 3. Computer-aided optimization 
software, e.g. Dynardo’s optiSLang, was used as shown 
in Schwarz (2018). New design variants are generated by 
using an evolutionary algorithm, which varies geometri-
cal parameters like diameter and length measures within 
specifi ed limits. Here, the functional characteristics are 
determined by simulation and are evaluated in accordance 
with the target values and constraints for each design. Due 
to the optimization logic, which is contained in the algo-
rithm and the objective functions, a so-called Pareto dia-
gram is created as it can be seen in the middle of Fig. 3 for 
two technical objectives.
 Part of the presented research work is to determine the 
cost for each generated design and to declare and optimize 
this value as a target. In this article, such an extension is 
described for the fi rst time. Consequently, the potential 
solution space is extended by an economical dimension as 
shown on the right side of Fig. 3.

Linear Force Solenoid for Automated Transmissions
The method is developed by using the example of a propor-
tional solenoid, as depicted in Fig. 4 (see next page). This sole-
noid is used to control automatic transmissions. Usually, such 
a solenoid is operated at a maximum of 1,2 A and generates Fig. 2: Infl uence of the component topology on the costs using the example of rela-

tive costs for screw connections as shown in Naefe (2012)

Fig. 3: State of the art and innovation hypothesis
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a magnetic force of up to 25 N. The customer specifi es the 
characteristic curve of the magnetic force stroke for different 
current levels as shown in Fig. 4. Typical customer specifi ca-
tions are particular forces and slope gradients at given stroke 
positions. For the solenoid used in this investigation, a func-
tion optimization like illustrated in Fig. 3 (see previous page) 
has already been available. Due to the large number of pieces, 
the product is very well suited for an extension of the function 
optimization to a cost and function optimization.

Requirements to set up a Cost and Function 
Optimization
The prerequisites for the optimization of costs and functions 
are, on the one hand, the determination of the component 
cost and, on the other hand, the expansion of the variables 

for effective cost optimization. In each case, a differentiable 
cost surcharge calculation is performed to determine the 
component costs. In addition to the material costs based 
on geometrical parameters, this approach also includes the 
costs for the added value as shown in Fig. 5. With the infor-
mation on the production process chains, the respective cycle 
times and the machine hourly rates must be calculated. The 
more accurate the underlying data base, the more accurate is 
the calculation. In this study, the data sources are taken from 
purchasing, manufacturing and cost experts.
 As already mentioned, not only the previous geomet-
ric design parameters are varied for the generation of new 
designs, but also the materials and the associated manu-
facturing technologies, as well as tolerances and topologies 
of the individual components. These extensions of the vari-
ables have an impact on the cost calculation. As a result, 
the number of possible variants and combinations increas-
es and correlations become apparent.

Workfl ow
Derived from the requirements for a cost and function op-
timization, a workfl ow is set up, which not only varies geo-
metric design parameters but also materials by its material 
number. Based on the selected material, the material pa-
rameters for the magnetic force simulation are automati-
cally adjusted and the manufacturing processes for the cost 
calculation are updated, see Fig. 6. 
 Furthermore, differently designed simulation models 
for the proportional magnet are created by topology vari-
ables. The topology variable controls the selection of a bill of 
material (BOM) from a large number of already predefi ned 
BOMs. They describe possible solenoid structures. Based 
on the selected BOM, the geometry model is assembled in 
a Python script and Gmsh does the meshing according to 
Geuzaine (2009). At the same time, the tolerance classes of 

Fig. 4: Linear Force Solenoid with its characteristic curve of magnetic force stroke

Fig. 5: Requirements to set up a cost and function optimization



Customer Story // Automotive Engineering

RDO-JOURNAL // ISSUE 2/2018 19

the selected geometrical design parameters are varied via 
discrete variables. The tolerance class has an impact on the 
manufacturing process chains as well as on the integrated 
robustness analysis (for more details see chapter Tolerance 
Optimization).
 As a starting point for the optimization either one or 
more start designs can be defi ned. Ideally, this start design 
is determined by a previous sensitivity analysis. Based on 
the start design, the listed variables, such as geometric de-
sign parameters, materials, topologies and tolerances, can 
be considered, varied or optimized either individually or in 
any possible combination in the optimization module. After 

the optimization module, the so-called analysis module is 
processed. This analysis module includes the electromag-
netic simulation, the Python based cost calculation and the 
robustness analysis. The process repeats itself until a maxi-
mum number of designs has been generated or a conver-
gence with the optimization goals has been achieved.
 The realized workfl ow generates a Metamodel of Op-
timal Prognosis (MOP), see Most (2008), which is based on 
a sensitivity study covering 4000 designs using Latin Hyper 
Cube Sampling, see Fig. 7. The MOP replaces the solver call 
for the function determination in the optimization as well 
as in the integrated robustness analysis. While a solver call 

Fig. 6: Schematic representation of the cost and function workfl ow

Fig. 7: Realized workfl ow in optiSLang
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requires approximately 5 minutes the MOP produces an 
equivalent result instantaneously. Thus, replacing the solver 
call with MOP speeds up the optimization drastically. Using a 
Python script, the robustness analysis distributions are auto-
matically calculated based on the generated designs. A data 
mining node extracts the distributions to check and pass on 
the relevant KPI like scrap-rate to the subsequent cost node.

Topology Optimization 
All components are described upfront of an investigation by 
simple specifi cation of the x, y coordinates, line defi nition 
and area assignment as shown in Fig. 8 on the left side. As 
already mentioned, the component descriptions are trans-
ferred into a geometry script by means of a Python script 
based on an already predefi ned bill of materials. This ge-
ometry script describes a design of which the simulation 
mesh is automatically generated with the use of Gmsh. The 
electromagnetic simulation starts as soon as this simula-
tion model is available.
 A fi rst example shows the infl uence of two different ge-
ometries of the so-called pole tube, as they are highlighted 
in blue and pink in the center of Fig. 8. With the pole tube, 
the characteristic magnetic force-stroke curve of the pro-
portional solenoid can be formed and also the armature is 
guided in it. The two considered topologies of the pole tube 
differ such that topology 1 (blue) consists of a three-part 
pole tube, whereas in topology 2 (pink), a one-piece pole 
tube is used. In this example, not only the topology but also 
the materials and geometrical parameters were varied.
 When looking at the results in Fig. 9, two different solu-
tion spaces are recognizable, which basically depend on the 
topology. The solutions of topology 1 tend to be more expen-
sive than the topology 2 due to the larger number of indi-
vidual parts and the associated higher number of production 
steps. Nevertheless, its technical behavior is better due to its 

complete magnetic separation as described in Kallenbach et. 
al. (2012). In the end, a smaller deviation of the characteristic 
curve from the customer specifi cation can be achieved.

Fig. 8: Workfl ow of the topology optimization in detail

Fig. 9: First results of the topology optimization
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The functional infl uence of a complete magnetic separation 
can be clearly seen by taking a closer look at the magnetic 
force-stroke curves. At the beginning of the stroke range, 
the magnetic force of the topology 1 is higher in contrast 
to topology 2, see the bottom diagram in Fig. 9. Due to the 
optimization criterion to maximize the force in this stroke 
range, the optimization algorithm favors the topology 1 as 
opposed to topology 2. Therefore, several designs are gener-
ated with topology 1. The boundary condition of not under-
cutting a certain force level at the end of the stroke range is 
achievable with both topologies.

Tolerance Optimization
In addition to the topology optimization, the newly devel-
oped method makes it possible to vary the tolerance classes 
and, consequently, also the standard deviation of individual 
geometrical design parameters in order to determine their 
infl uence on costs and function. By means of an integrated 
robustness evaluation in the analysis module, the variance 
of the design variants is automatically examined based on 
50 further design variants, which scatter within the select-
ed tolerance.
 With the robustness analysis, it is therefore possible to 
produce a statement about the expected scrap of a design 
variant in form of an additional cost point, see Fig. 10. In ad-
dition, depending on the selected tolerance, a predefi ned 
manufacturing process chain for the production of this design 
is chosen, which infl uences the cost calculation. For example, 
for a very small tolerance class, a grinding process is required 
in addition to a turning process, see left side in Fig. 10.
 In a fi rst application of the tolerance optimization, the 
tolerance of a parameter, materials and geometric param-
eters are varied for one predefi ned topology. As shown in 
the upper diagram in Fig. 11, there are blue highlighted so-
lutions with nominal tolerance. In addition, the optimiza-

tion algorithm has also selected variants with a tighter tol-
erance class, which, as expected, have a higher MAT+Scrap 
value due to the more extensive and possibly more complex 

Fig. 10: Details of the tolerance optimization

Fig. 11:  First results of the tolerance optimization
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production. In contrast, the design variants with larger tol-
erances tend to be more cost effective.
 The comparison of the characteristic curve spread over 
the stroke range is interesting, as shown in the lower diagram 
in Fig. 11*. Here, the infl uence of the tolerance on the function 
is clearly recognizable and with it the justifi cation of the dif-
ferent costs. Within the additional 50 designs along the entire 
stroke, the variant with the tighter tolerance (green lines in 
Fig. 11*) has a signifi cantly lower dispersion (dotted green line 
in Fig. 11*) compared to the variant with the larger tolerance 
class (grey lines and dotted grey line in Fig. 11*). According to 
the simulation, this functional difference is associated with 
up to 12 % higher MAT. If the higher dispersion is acceptable 
for the customer, the preferred design should be one with an 
larger tolerance class. | * see previous page

Conclusion
For the fi rst time, the developed workfl ow offers the oppor-
tunity to carry out an extensive cost and functional optimi-
zation. In this computer-aided simulation methodology, dif-
ferent materials, tolerances as well as component topologies 
are considered in addition to the well-established geometric 
design parameters. As a result, a variety of very different de-
sign variants are generated in a short time and a statement 
as well as the relationships in a technical and economic point 

of view can be derived. Due to a parallelization of the cost 
and functional analysis, this additional function does not 
contribute to increase the simulation time.
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Introduction
The Mubea Group is a world leading manufacturer of com-
plex automotive components that reduce vehicle weight 
and contribute to an improved environmental performance 
by reduced CO

2
 emission. Suspension components rep-

resent a large proportion of the company‘s portfolio and 
revenue. The chassis components also include coil springs, 
which will be explained in the following.

Task of a suspension coil spring
The current density of traffi c requires motor vehicles that are 
safe and comfortable to allow the driver to concentrate fully 
on the traffi c during short and long distance rides. Therefore, 
not only intuitive designs, manageability, cost-effectiveness 
and fault-free operation, but also the demands for a high 
level of comfort and driving safety are of central importance.
 The fulfi llment of these requirements call for the in-
volvement of resilient and damping components between 
the chassis and the vehicle body. On the one hand, these 
components must largely absorb road-induced impacts and 
vibrations and, on the other hand, must consistently ensure 
suffi cient traction control of the wheels.

Helical compression springs as resilient components are 
particularly suitable because:
 • their compact design enables a space-saving installation 

in subframes or on wishbones
 • they can be combined with the damper to a unit (simple 

strut and McPherson strut)
 • they show linear or even progressive characteristics
 • their production is economical and inexpensive
 • their operation is practically maintenance-free

In today’s automobiles, in addition to the helical compres-
sion springs, often stabilizers are installed for supporting 
both one-sided and double-sided defl ection of the wheels. 
Stabilizers essentially serve to reduce the rolling of the vehi-
cle body when cornering, while helical compression springs 
primarily ensure a proper pitch response and ground clear-
ance of the body.

Types of force transmission
For the positioning and force transmission, the design of 
the spring end coils are of crucial importance. Coil springs 
are usually installed inside or outside of their struts with 

At Mubea, FEA methods and optiSLang are applied for an automated design of coil springs with subsequent 
optimization procedure to fulfi ll all boundary conditions and lifetime requirements.

AUTOMATED DESIGN AND OPTIMIZATION OF 
SUSPENSION COIL SPRINGS

CUSTOMER STORY // AUTOMOTIVE ENGINEERING 
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an angle range up to about 270° to support a centric force 
transmission. The support is either constructed on fl at or 
pitch-profi led spring seats. These are usually made of sheet 
metal or rubber parts that are adapted to the end coil. 
 The force transmission can be basically classifi ed into two 
different types. The more simple technique is to guide linear-
ly the end coil of the spring toward each other with parallel 
aligned struts and without any lateral offset. This variant is 
still interesting today because it allows a simple dimensioning 
of cylindrical helical compression springs (see: DIN 13906-1).
 Two examples of the fi rst type of load transmission are 
shown in Fig. 1. The spring is arranged around the damper 
forming a unit. One end is fi tted to the other without later-
al offset. This enables a practically free defl ection of a cylin-
drical spring regarding bending-moment and lateral force 
with evenly distributed coil stress.
 In many applications, however, the end coils are guided 
toward each other using non-parallel aligned struts with 

curved spatial orientation or with lateral offset. When dimen-
sioning helical compression springs, simple methods have to 
be replaced by Finite Elements Analysis (FEA). Two examples 
of the second type of force transmission are shown in Fig. 2.
 The spring is mounted on the lower wishbone and the 
spring end is guided along a space curve. As a result, the cy-
lindrical spring is unevenly deformed and, in addition, mo-
ment and transverse forces are acting at both spring ends. 
The consequence is an uneven stress distribution in the coils 
and a distortion of the spring body.

Analytical dimensioning
The calculation of coil springs is based on the equations giv-
en in the standard sheet DIN EN 13906-1. The following ba-
sic formulas are taken from this standard sheet and describe 
the relationships between the most important characteristic 
values: spring rate , spring force , shear modulus , wire 

Fig. 1: Spring arrangement around the damper

Fig 2: Spring arrangement on a wishbone: decompressed (left) and compressed (right)
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diameter , number of coils , mean coil diameter , spring 
defl ection  and the resulting shear stress . These values are 
essential in the calculation of simple cylindrical coil springs:

Spring Force                    (1)

Spring Rate                    (2)

Shear Stress                  
 

(3)

However, this approach is only suitable in a special case of force 
transmission for cylindrical coil springs (see paragraph type of 
force transmission). Therefore, this approach can only be ap-
plied for the preliminary dimensioning of a modern coil spring.

Parameterization
The use of FEA in the dimensioning and especially in the op-
timization of the geometry requires a parameterized model 
of the coil spring. In the course of time, engineers at Mu-
bea have developed different parameterization approaches 
or applications for coil spring modeling. They support the 
product developer in the defi nition of the free, unloaded 
coil spring geometry as well as in the setting of boundary 
conditions. Furthermore, they enable the generation and 
evaluation of the FE simulation model. 
 One application has been especially developed for optimi-
zation and an automated design of the coil spring geometry.

GRASP Designer
The GRASP (Graphical Spring) Designer is based on the He-
lix defi nition, which is a curve that winds around the barrel 

of a cylinder at a constant pitch. Similarly, with this param-
eterization approach, the coil spring modeling is subdivided 
into the modeling of a lateral surface (body) and a curve 
([multiply] unwinding). With regard to C- or S-shaped coil 
springs, the demand on the designer is to develop more or 
less complex bodies and spring coils while using a man-
ageable number of parameters. One reason to choose the 
mathematical construct of the NURBS (Non-Uniform Ratio-
nal B-Splines) as an extension of the B-splines to describe 
the body and the coiling was its ability to map perfectly cir-
cular curves.
 The body is defi ned by a closed NURBS surface, which 
consists of control points. The control points of a NURBS 
surface represent the control mesh. The surface itself is de-
fi ned by u in peripheral direction (the coil spring) and v in 
the height direction. u and v are defi ned in the interval [0, 
1]. The degree of the NURBS surface in v is variable.
 The coiling is defi ned by a NURBS curve. The control 
points of a NURBS curve represent a control polygon. The 
curve itself is defi ned by u in the interval [0, 1]. The degree 
of the NURBS curve is variable.

Lateral surface
The control mesh describes the lateral surface and consists 
of series-connected control polygons with the resulting cir-
cular curve. For a circular cross-section, each control poly-
gon must be aligned in peripheral direction u of the shape 
as shown in Fig. 3 and has to represent a second degree.
 In the design process or in the subsequent optimiza-
tion, not the control points of the polygon or the cross sec-
tion are directly varied, but the surrogate variables that rep-
resent the individual cross sections. 

Fig. 3: Generation and variation of the lateral surface
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These surrogate values for describing a body cross-section are:
 • diameter, 
 • displacement and 
 • inclination angle.

The introduction of these surrogate values is not only ad-
vantageous for a more intuitive processing of the coil spring 
body, but also ensures a signifi cant reduction of the (opti-
mization) parameters.

Coiling
A variable number of control points defi ne the multiple coil-
ing of the coil spring on the body or in the uv-plane of the 
lateral surface. The resulting control polygon is defi ned on 
the interval [0, number of coils n] in u-direction of the lat-
eral surface and on the interval [0, 1] in v-direction.
 Here, the fi rst and last control point is fi xed in (0, 0) or (n, 
1), while all other points are freely displaceable in the uv-plane. 
The local infl uence of a control point on the axial spring geom-
etry depends on the degree of the NURBS curve (see Fig. 4).

Simulation Model
For the numerical simulation a parameterized FE model of 
the coil spring is used. The simulation is done in ANSYS Me-
chanical APDL (ANSYS Parametric Design Language). In this 
case, it is a static, geometrically non-linear calculation us-
ing quadratic elements and an elastic material model.

Optimization Model
The aim of the optimization is to create a coil spring design 
with the required mechanical characteristics while comply-
ing with all boundary conditions and lifetime requirements.
Since there are critical requirements and boundary condi-
tions, this can be diffi cult to accomplish. Therefore, and to 
support particularly the project engineers, optimization 

methods are applied in the design process. An OPX fi le is 
created from GRASP on the basis of a reference design to 
generate the optiSLang project via the OPX interface.
 In principle, an analytically generated cylindrical reference 
geometry is used for the automated design replacing a numer-
ical pre-dimensioning. Due to the large number of parameters, 
the application of an EA optimization algorithm is required. In-
vestigations of the existing types of mutation have shown that 
for the present optimization problem the constraint adaptive 
option has proven to be particularly stable and effi cient.

Objective Function and Constraints
Coil springs are exposed to static and dynamic loads. The 
maximum statically permissible load is reached at maxi-
mum defl ection . The assessment of the static load 
is based on the shear stress .
 In addition to the constraint not to exceed the de-
fi ned stress limit, the primary objective is to homogenize 
the static stress as much as possible over a considered coil 
area of the coil spring. Thus, an equal distribution of mate-
rial stress is achieved. For this purpose, the variance of the 
static load is minimized.
 If explicit constraints using inequalities were applied, 
the analyses showed a negative effect on the objective 
history and the quality of results, or on the stability of the 
automated design methodology. For this reason, all con-
straints included in the objective function to be minimized 
are defi ned as penalty terms. For an inequality

                                         
(4)

the penalty term  is  

   (5)

with weighting  and exponent 

This defi nition includes a step function that zeroes the pen-
alty term as soon as the originally formulated constraint in-
equality is fulfi lled. The weighting as well as the exponent 
can be used to adjust the magnitude of the penalty term 
and, thus, its priority within the objective function. Here, 
the weighting mode of the penalty terms considers a viola-
tion of constraints more than an improvement of the origi-
nal objective function. Therefore, it can be ensured that the 
optimization algorithm primarily fulfi lls all constraints.
 For a scattering objective value C standardized to the tol-
erance interval, the constraints can be defi ned as follows:

                              (6)

For the alternative defi nition as a penalty term this would 
result in:

  

(7)

Fig. 4: Generation and variation of the coiling in the uv-plane
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At this point, the following constraints are taken into ac-
count in the design of the coil spring:

 • Maximum permissible limit stress
 • (Nominal) supporting force  (± Tol.) of the coil spring 

at design length  (length when installed at empty 
vehicle weight)

 • (Nominal) spring rate  (± Tol.) in the range of 
 • (Nominal) piercing points  (±Tol.) at 

(Intersection of the resulting force with the upper or lower 
plane through spring ends)

 • Minimum distance between coils
 • Maximum permissible gap / clearance between coil spring 

ends and seat
 • Design space

The space design verifi cation is carried out on the basis of 
STLs. Here a separate inner and outer design space is re-
quired (see Fig. 5). Several sections are generated through 
the deformed coil spring and the design space STLs. Each 
section forms two surfaces based on the STLs. For each axial 
spring section, the minimum distance to the respective cut 
surface is determined. If the axial spring section is outside 
the cut surface, the minimum distance is given a negative 
sign, which represents a space violation corresponding to 
the requirement of a distance ≥ 0. The fi rst and last half coil 
of the coil spring is usually excluded from the design space 
verifi cation.

Fig. 7: Shear stress curve (left) and piercing points (right) in different compression states

Fig. 5: Inner and outer design space limits (left) and section through design lim-

its and coil spring (right)

Fig. 6: Initial cylindrical coil spring design and fi nal geometry
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Results and Conclusion
The result of an exemplary automated coil spring design 
with optiSLang is shown in Fig. 6 (see previous page).
 A cylindrical coil spring based on an analytical pre-
dimensioning was used as the initial design. The fi nal opti-
mized design could already be determined after running only 
4000 variants. It has to be noted that the history of the objec-
tive function showed a steady and rapid improvement. This 
is due to the use of constraints as penalty terms in the objec-
tive function and is representative of all previous coil spring 
designs generated with optiSLang. The abort criterion is usu-
ally reached between 4000 and 6000 designs.
 Fig. 7 (see previous page) shows selected results of 
the fi nal design. On the left side, the shear stress curves 
are shown in different compression states for the consid-
ered coil area. The red shear stress curve corresponds to 
the maximum defl ection and was, as required, suffi ciently 
smoothed.
 On the right side of the fi gure, the piercing points can 
be seen in evenly scaled and detailed views. There the re-

quired piercing points for compression step 2 are located 
within the given tolerances.
 As a conclusion, it can be stated that the automated 
design using optiSLang is very practicable. The automated 
engineering procedure not only convinces with high-quali-
ty results, it also provides meaningful results, which would 
be diffi cult to achieve with manual designing. The greatest 
advantage of automated dimensioning is the homogeniza-
tion of the stresses. Otherwise, this would be a major chal-
lenge while using manual designing procedures.
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