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Machine Learning applications in Engineering Simulation
for the automotive industry

The key objective of product design processes is to shift the focus from the time-
consuming digital model build up to new ideas’ evaluation and engineering. In this pursuit,
contemporary FE analysis poses limitations, as evaluating all potential new approaches
would require substantial amounts of time and resources. For this reason, the engineers’
experience and expert knowledge decides which of the ideas and designs will be further
examined.

Recent advances in Machine Learning (ML), makes it possible to bypass the assessment
derived by contemporary FE analysis by utilizing legacy data. As a result, ML increasingly
gains grounds as a powerful alternative method in the early stages of product design,
liberating further innovation in engineering.

Through its ML toolkit add-on, BETA CAE Systems has implemented tools that unleash
the benefits of ML in engineering simulation. This is accomplished by coupling data
analytics technigues and simulation data management, in order to train predictive models
and forecast responses.

Machine Learning is applied in three distinctive types. The first type is based on the
Design Variable method. In this method the machine learning model is trained based on
design variables and selected responses. The second type is the Simulation Driven
Feature-based method which is based on the finite element model's geometry and
features. The first one provides a generic solution that can be used for any parametric
investigation of a design, whereas the second can be used to train machine learning
models that will accurately predict more specific behaviors of the product designs. The
third application of Machine Learning refers to the automated detection and mesh
treatment of geometrical automotive clips.

An example of application of the Data Driven
Design Variable method is the prediction of the
behavior of theoretical designs in a front crash =L\ A i
case. In such a case, the trained machine ‘
learning models can predict for example, the
intrusion displacements and the accelerations
at specific measurement points of the vehicle (a
pillar base, footwell, toepan, and tunnel). For
such a case, an initial training dataset is
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created using the ANSA Optimization tool in order to produce experiments that will be
solved by FE analysis for specific parameters, that define the behavior of the vehicle’'s
locations. Using the Design Variable-based Machine Learning capability and the results
from the FE analyses, a group of predictive models is trained to calculate the maximum
intrusion and acceleration at these measurement points, as well as any time history
2dplots and 3d results of the entire FE model, for all the load cases or time steps.

Such trained machine learning models can
then predict the behavior on these locations
based on any design variable values, avoiding
the use of any simulation solutions and thus
eliminating the calculation required time. The
Feature-based Machine Learning method
relies on a process called “Feature extraction”.
In this process, critical geometrical and
engineering features of an FE model are
collected and their effect towards the requested response is evaluated. Such features
relate to the FE model’s geometry, as well as the materials, the connections, and other
entities. To train the machine learning model, many different FE models go through this
“Feature extraction” process. An example of an application of this method is the
measured response for a first torsional mode frequency value of a vehicle’s BiW, a key
value for concept cars. Having a trained machine learning model, which provides answers
based on a Finite Element Body-in-White model, without running a solver analysis,
accelerates the digital model validation process significantly. When the trained machine
learning model, also referred as predictor, is trained, it accumulates knowledge of many
different models’ features and their impact to the first torsional mode frequency value. To
make a prediction, the trained Feature-based predictor reads a new FE model, performs
feature extraction, and based on its past training, provides a prediction of the first
torsional value for the new FE model. Incremental training is also possible for supporting
cases where variations of a BiW are gradually generated during the product development.
Incremental learning methods allow for the addition of new training data to existing
predictors at a lower computational cost than retrain the predictor from scratch.

These two ML types are significantly different in the way they are trained and predict.
Their main difference is that the first is related to a DOE and the values of the design
variables, while the second relies on the actual model geometry. Design Variable based
predictors are generally faster to train and run but they are constrained by the design
variables and responses they were trained with. On the other hand, Feature-based
predictors may take longer to be trained and predict due to the feature extraction, but the
input is the simulation model itself, without the use of any design variables.
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In the third type, the Machine
Learning assisted recognition
makes the process of creating
libraries of automotive clips
much faster. Any embedded
fasteners and design shapes on
parts are identified and pre-
existing mesh representations
are applied. Thus, the meshing effort is significantly reduced, while common mesh on
identical shapes enhances the consistency in simulation results. Combined with the
automated meshing of components and by topologically connecting of such features,
meshing parts with hundreds of clips can be performed massively, reducing radically the
modeling time.

Due to the remarkable time saving they offer, these Machine Learning capabilities already
find increasingly their application place in the daily engineering simulation processes and
help explore new ideas with minimum effort and requiring low level of expertise.
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