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Abstract

This thesis describes the application of machine learning in the context of development and
assessment methods in the domain of safety systems for occupant safety. Supervised learning
methods are applied to generate rapid predictions for the results of �nite element simulations in
the domain of the assessment of occupant safety systems. The key concept revolves around
the question of how a metamodel could be designed without explicit characterization of the
vehicle. The base machine learning architecture uses the result of �nite element simulation as a
reference to predict the result of a �nite element simulation in the same vehicle con�guration
but different occupant anthropometrics. The input for the metamodel is of the type multivariate
time-series. Different strategies to deal with this data type are compared. Starting from a
detailed �nite element model of the Honda Accord 2014, using an incremental and structured
approach, a simpli�ed version of the �nite element model is derived. Each simpli�cation step
is reasoned and evaluated regarding the loss of the model quality in relation to the gained
improvements in computation time. Databases featuring different designs of experiments and
the anthropomorphic test device Hybrid III and the human body model VIRTHUMAN are
generated. The in�uence of different database sizes and an adaptive querying strategy is studied.
Transfer learning approaches as a method to deal with limited data are discussed as well. The
homogeneous transfer between Hybrid III and VIRTHUMAN and the direct cross-domain
prediction between them is investigated.
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Kurzfassung

Diese Dissertation beschreibt die Anwendung von maschinellem Lernen im Rahmen von
Entwicklungs- und Bewertungsmethoden im Bereich der Sicherheitssysteme für den Insassen-
schutz. Methoden des überwachten Lernens werden angewandt, um schnelle Vorhersagen für
die Ergebnisse von Finite-Elemente-Simulationen im Bereich der Bewertung von Insassen-
schutzsystemen zu generieren. Das Konzept dreht sich um die Frage, wie ein Metamodell
ohne explizite Charakterisierung des Fahrzeugs trainiert werden kann. Die zugrundeliegende
Architektur des maschinellen Lernens verwendet das Ergebnis einer Referenz-Finite-Elemente-
Simulation, um das Ergebnis einer Finite-Elemente-Simulation mit derselben Fahrzeugkon-
�guration, aber anderen anthropometrischen Merkmalen der Insassen vorherzusagen. Die
Eingabe für das Metamodell ist vom Typ der multivariaten Zeitreihe. Es werden verschiedene
Strategien zum Umgang mit dieser Datenart verglichen. Ausgehend von einem detaillierten
Finite-Elemente-Modell des Honda Accord 2014 wird mittels eines inkrementellen und struk-
turierten Ansatzes eine vereinfachte Version des Finite-Elemente-Modells abgeleitet. Jeder
Vereinfachungsschritt wird begründet und hinsichtlich des Verlusts an Modellqualität im
Verhältnis zu den gewonnenen Verbesserungen bei der Rechenzeit bewertet. Es werden Daten-
banken mit verschiedenen Versuchsplänen und dem Crashtest-Dummy Hybrid III sowie dem
Menschmodell VIRTHUMAN erstellt. Der Ein�uss verschiedener Datenbankgrößen und eine
adaptive Datenstrategie werden untersucht. Transfer-Learning-Ansätze als Methode zum Um-
gang mit begrenzten Daten werden ebenfalls beleuchtet. Der homogene Transfer zwischen
Hybrid III und VIRTHUMAN und die direkte bereichsübergreifende Vorhersage zwischen
beiden Modellen wird untersucht.
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Glossary

Activation Function

Maps in an Arti�cial Neural Network (ANN) the neuron weighted input to an output.

Airbag

An airbag is part of the advanced restrained system. It is a fabric hull, in�ated by a gas
mixture. Typical examples are the Passenger Airbag (PAB), the Driver Airbag (DAB),
and the Curtain Airbag (CAB).

Attribute

Attributes are the observed characteristics of a system. An attribute is a particular
characteristic observed for multiple instances.

Bio�delity

The degree to which a human surrogate model �ts to a real human.

Bulkhead

The bulkhead (also known as �rewall) is the part of the Body In White (BIW), which
separates the engine compartment from the passenger compartment.

Channel

The output of a particular sensor over time.

Computer-hardware

The physical components of a computer. Major parts determining the computational
capabilities are the Central Processing Unit (CPU), the Graphics Processing Unit (GPU),
the persistent and temporary storage.

Convolutional Kernel

The tensor within the convolutional layer which is applied by a convolution to the input.

xiii



Convolutional Layer

A layer type of an Arti�cial Neural Network (ANN), where the input tensor is processed
with a kernel by the convolution operation.

Cost-function

The cost-function quanti�es how much a metamodel prediction deviates from the ground
truth for a group (batch) of instances.

Dense Layer

A layer type of an Arti�cial Neural Network (ANN), where the input of one neuron is
the combination of all neurons of the previous layer.

Development-set

A set of instances meant for the training and validation of a metamodel.

Dropout Layer

A layer type of an Arti�cial Neural Network (ANN), which sets during the training the
output of random neurons of previous layer to zero. The remaining outputs are scaled to
maintain the sum over all neurons.

Epoch

An epoch describes the pass of the whole training-set during the training of a metamodel.

Experiment

A particular combination of factors characterizing a system whose response is observed.
In this work, one experiment is usually repeated as FE-simulations for different per-
centiles of human surrogates.

F1-score

Metric-function as Harmonic Mean of Precision and Recall.

Factor

The system’s input varied in the scope of a Design of Experiments (DoE).

FE-model

A mathematical physical model based on the Finite Element analysis.

FE-simulation

A computational simulation with a mathematical physical model based on the Finite
Element analysis.

xiv



Feature

The term feature indicate the input to a metamodel

Ground Truth

A ground truth is the recorded response of the observed system to a given input (features).
Hence it is the reference for the targets.

Hardware-model

A physical model based on in hardware. It is labelled as a model, because it resembles a
real world scenario but simpli�ed and under laboratory conditions.

Human Surrogate

A representation of a human. In context of this work, a human surrogate can be either an
Anthropomorphic Testing Device (ATD) or an Human Body Model (HBM).

Hyperparameter

The variables of a metamodel. Hyperparameters characterize the learning algorithm’s
architecture and learning strategy.

In�ator

Gas generator of an airbag.

Injury-criterion

An injury criterion is a physical quantity relating the measured values in a crash test to
an injury severity.

Input Layer

The �rst layer of an Arti�cial Neural Network (ANN). Typically, this layer represents the
interface and passes the presented data directly to the next layer.

Instance

One particular observation in general. Speci�cally in this work, an instance is a pair
of results from a FE-simulation from the same experiment. One FE-simulation with a
particular human surrogate is used as features of the metamodel. The other FE-simulation
with another human surrogate is used as targets of the metamodel

Integration Interval

The distance of two neighboured timesteps of the numerical integration.

xv



Intrusion

In general the deformation of the BIW. For test scenarios of frontal crashes and occupants
in a vehicle’s �rst seat row, intrusion is the deformation of the bulkhead.

ISO-code

Sensor channel naming convention in orientation on ISO 13499 (see page 31).

ISO-grade

Label related to the objective rating metric for non-ambiguous signals as de�ned in
ISO/TS 18571:2014(E) (see page 30).

ISO-rating

Numerical value related to the objective rating metric for non-ambiguous signals as
de�ned in ISO/TS 18571:2014(E) (see page 30).

Kernel Function

A function which maps an input into another space.

L1 Regularization Term

A term added to the cost-function to penalize increasing absolute value of the parameters.

L2 Regularization Term

A term added to the cost-function to penalize increasing squared value of the parameters.

Layer

An organizational part of an Arti�cial Neural Network (ANN) containing neurons.

Level

The possible values a factor of a DoE can take.

Load Case

A vehicle test scenario which is characterized by the impacting barrier, the impact
velocity, and the impact direction. In this thesis are standard velocities implied. The
Full Width Barrier (FWB) related to56 km h�1 , Offset Deformable Barrier (ODB) to
64 km h�1 , and Oblique Movable Deformable Barrier (OMDB) to 90 km h�1 .

Loss-function

The loss-function quanti�es how much a metamodel prediction deviates from the ground
truth for a single instance.

xvi



Metamodel

A metamodel refers to an algorithm, in which inner parameters can be �tted regarding a
given dataset.

Metric-function

Quanti�es how much a metamodel prediction deviates from the ground truth for a whole
set of instances.

Multivariate Time-series

Multiple time-series of a particular instance.

Neuron

The smallest part of an Arti�cial Neural Network (ANN).

Objective-function

The objective-function quanti�es how much a metamodel prediction deviates from the
ground truth as a sum of the cost-function and the regularization term.

Output Layer

The last layer of an Arti�cial Neural Network (ANN). Typically, this layer is a dense
layer with a task speci�c activation function.

Over�tting

Over�tting takes place, if a metamodel �ts too close to the training-set. Over�tting is
indicated by a signi�cant better performance for predictions on the training-set than
on unseen data like from the validation-set. This condition is also referred to as high
variance of the metamodel

Panel

Samples of a particular channel for multiple instances.

Parameter

The variables within a metamodel. Parameters are adjusted by an optimization process
so that the metamodel output �ts to a reference.

Pooling Layer

A layer type of an Arti�cial Neural Network (ANN), which is usually combined with a
convolutional layer. The pooling operation extracts from a de�ned window single scalars
with a de�ned strategy.

xvii



Pull-out

The amount of the seatbelt webbing pulled from the spool of the retractor.

Pull-through

The amount of the seatbelt webbing pulled through the seatbelt-buckle from the lap part
to the shoulder part or vice versa.

R2-score

Metric-function as Coef�cient of Determination. In this thesis capped for values lower
than 0.

Reference Report

Validation reports of Honda Accord 2024 FE-model with structural FE-simulations by
Singh et al. (2018b) and occupant FE-simulations by Singh et al. (2018a).

Regularization Term

A term added to the cost-function to penalize increasing values of the parameters.

Retractor

The retractor houses the seat-belt on a spool. For buckling of the occupant and during the
forward motion of the occupant in the event of a crash, the belt is pulled out. Additional
functions can be pre-tensioning (pulling belt into the device) and the load limited release
of webbing.

Sample

A sample is a particular value of a particular time-series at a particular timestep.

Sampling Interval

The distance of two neighboured timesteps.

Sampling Rate

The number of samples per time window (typically 1 s).

Seatbelt

The seatbelt (or safety belt) is the primary restraint system. It consists, as a very basic
version, only of a part wrapped around the lap (pelvis). The extended version features
an additional seatbelt part wrapped around the thorax (shoulder). The mounts of a
seatbelt system are called anchor points. The seatbelt can technically be tensioned and
load-limited at all anchor points. The lap- and thorax-seatbelt parts are connected at the
seatbelt buckle; either as one continuous seatbelt which can be pulled through the buckle
or an individual segments in case of a fully locked buckle.
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Seatbelt-buckle

A seatbelt-buckle is a connection to one of the seatbelt-systems anchor points. It connects
the lap- and thorax-seatbelt parts; either as one continuous seatbelt which can be pulled
through the buckle or a individual segments in case of a fully locked buckle.

Sill

A sill is a part of the BIW. It describes the area under the doors.

Submarining

The slipping of the seatbelt over the pelvic iliac wings.

Target

The target is the output of a metamodel.

Testing-set

A set of instances neither used during the �tting process of a metamodel parameters nor
during the metamodel hyperparameter optimization.

Time-series

Samples of a particular instance and particular channel.

Time-to-�re

Moment of activation of an active restraint system component like the airbag in�ator and
the seatbelt pre-tensioner.

Timestep

A particular point in time.

Training-set

A set of instances used during the �tting process of the metamodel parameters.

Transfer-set

A set of instances with a completely different FE-model than the metamodel was trained
on.

Trial

A trial in this work is one training and evaluation run of the machine learning framework
with a particular learning algorithm, database, and hyperparameters.
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Under�tting

Under�tting takes place, if a metamodel does not �t the training-set suf�ciently. Under-
�tting is indicated by low performance for predictions on the training-set and all other
sets. This condition is also referred as a high bias of the metamodel

Validation

In the context of virtual modelling, validation is a process to �t a FE-model response to
the responses of its precedent within the evaluated scenario. In the context of machine
learning, validation is the performance assessment of the metamodel using the unseen
validation-set during the training.

Validation-set

A set of instances not used during the �tting process of a metamodel parameters.

Vehicle-pulse

A vehicle’s pulse is the rigid body motion of the body in white during the crash. The
pulse is characterized by the x, y, and z translation and rotation over time. The kinematics
can be expressed as displacement, velocity, or acceleration.

xx



Acronyms

ANN Arti�cial Neural Network

ATD Anthropomorphic Testing Device

BIW Body In White

BMI Body Mass Index

CAB Curtain Airbag

CAC3 Chest Acceleration over 3 ms Criterion

CDC Chest De�ection Criterion

CFC Channel Frequency Class

CISS Crash Investigation Sampling System

CNN Convolutional Neural Network

CoG Centre of Gravity

CORA CORrelation and Analysis

CPU Central Processing Unit

CT Computed Tomography

CVC Chest Viscous Criterion

DAB Driver Airbag

DoE Design of Experiments

DoF Degree of Freedom

Euro NCAP European New Car Assessment Programme

FCC Femur Compression Force Criterion

xxi



FEA Finite Element Analysis

FMVSS Federal Motor Vehicle Standards

FWB Full Width Barrier

GHBMC Global Human Body Models Consortium

GPR Gaussian Process Regression

HAC3 Head Acceleration over 3 ms Criterion

HBM Human Body Model

HIC Head Injury Criterion

HIC 15 Head Injury Criterion for up to 15 ms

HIII Hybrid III

HIII-05F Hybrid III 5th Percentile Female Dummy

HIII-50M Hybrid III 50th Percentile Male Dummy

HIII-95M Hybrid III 95th Percentile Male Dummy

IQR Interquartile Range

ISO International Organization of Standardization

LS-DYNA Livermore Software technology corporation DYNA

LSTM Long Short-Term Memory

MADYMO MAthematical DYnamic MOdels

MAE Mean Absolute Error

MBS Multi Body Simulation

MCDM Multi-Criteria Decision Making

NASS National Automotive Sampling System

NEC Neck Extension Moment Criterion

NHTSA National Highway Traf�c Safety Administration

Nij Neck Injury Criterion

NSC Neck Shear Force Criterion
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NTC Neck Tension Force Criterion

ODB Offset Deformable Barrier

ODB-L Offset Deformable Barrier Left

ODB-R Offset Deformable Barrier Right

OLC Occupant Load Criterion

OMDB Oblique Movable Deformable Barrier

OMDB-L Oblique Movable Deformable Barrier Left

OMDB-R Oblique Movable Deformable Barrier Right

PAB Passenger Airbag

PC Principal Component

PCA Principal Component Analysis

PHMS Post Mortem Human Subject

ReLU Recti�ed Linear Unit

RNN Recurrent Neural Network

SAE Society of Automotive Engineers

SLL Switchable Load Limiter

SOLB Small OverLap Barrier

SOLB-L Small OverLap Barrier Left

SOLB-R Small OverLap Barrier Right

SVM Support Vector Machine

THOR Test Device for Human Occupant Restraint

THOR-50M Test device for Human Occupant Restraint, 50th Percentile Male

THUMS Total Human Model for Safety

VHUM VIRTHUMAN

VHUM-05F VIRTHUMAN 5 th Percentile Female Human Body Model adapted to HIII-05F

VHUM-50M VIRTHUMAN 50th Percentile Male Human Body Model adapted to HIII-50M
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VHUM-95M VIRTHUMAN 95th Percentile Male Human Body Model adapted to HIII-95M

ViVA Virtual Vehicle Safety Assessment

VPS Virtual Performance Solution (ESI)
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Nomenclature

The following notation was used within this work. The same letter keeps its principal meaning,
irrespective of its annotations and font weight. Only the font type, likeA andA and alphabet
like E and� changes a symbol’s meaning.

� Matrices are denoted by uppercase letters in a bold font in LatinABC , calligraphic
Latin ABC , or Greek�	
 .

� Vectors are denoted by lowercase letters in a bold font, like Latinabc or Greek� ! .

� Scalars are denoted by a normal weight font, like LatinABCabc, calligraphic Latin
ABC, or Greek�	
 � ! .

� Sets are denoted using the font blackboard boldABC.

� Value intervals are denoted by( or ) for excluded border values and[ or ] for included
border values.
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1 Introduction

1.1 Motivation
The �eld of vehicle safety has existed almost since the beginning of automobiles. Important
milestones of passive safety, brie�y outlined by Köllner (2023), were the patents of the crumble
zone in 1952 by BØla BarØnyi, the seatbelt in 1959 by Nils Ivar Bohlin, and the airbag in 1971
by Walter Linderer. Alongside the technical innovations and different global stakeholders, the
German regulatory bodies promoted passive safety. In 1974, seatbelts were made mandatory
for new vehicles and since 1976, occupants were legally required to use them. Following the
analysis of Evers (2021), the usage quota of seatbelts was almost immediately over90 %for
drivers. In contrast, for passengers sitting in the rear, it took about 20 years to reach this level.

In parallel with the technical development and regulations, the assessment methods also
progressed. From the beginning with rocket propelled, full vehicle crash tests in the late 1950s,
over the introduction of crash test dummies in the 1970s, there is now a broad portfolio of
assessment methods available. As outlined in �gure 1.1 on the following page, assessment
usually includes the modelling of the reality. Derived from accident research and statistics,
scenarios and criteria are de�ned, and the modelling methods are developed. The physical
testing covers full-scale crash tests, reduced testing on a sled, and single component tests using
the drop tower or specialized methods. In synergy with the experimental simulations are the
numerical simulations. Multi Body Simulation (MBS) is primarily used to model kinematic
processes like vehicle dynamics. Finite Element Analysis (FEA) adds the deformability of
objects and is the major tool for analysing crash mechanics. The Finite Volume Analysis (FVA)
is well suited for �uid simulation like aerodynamics and detailed airbag modelling.

Schöneburg (2023) described that the utilization of physical and virtual assessment methods
in their interplay during the vehicle development process. Virtual prototyping is dominant in
the concept phase. Nearer the development process progresses towards the vehicle’s approval,
more testing in hardware is used. Once prototypes are available, the continuous validation of
the virtual models is central.

Lately, the industry has undergone substantial changes. As Schöneburg (2023) outlined,
the increased competition alongside the market and regulatory requirements enforced the
development cycles to shorten from seven to nine years to three to seven years while the
product complexity drastically increased. To succeed in this environment, manufactures and
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Figure 1.1: Overview on Simulation Methods

engineering service providers must push the limits of the current assessment methods.

Not only the market requirements itself, but also the worldwide commitment to vehicle safety
under the Vision Zero, for example described by Elvebakk (2007), will increase the space of
considered scenarios in which safety systems must operate effectively. The awareness of the
complexity of road traf�c scenarios and the diversity of road traf�c users is derived from this
philosophical concept. The vast variety challenges the current concepts of singular testing and
local optimizations, while technical innovations are catalysts for new ways of thinking.

The machine-learning-powered metamodels, which is an algorithm where stored parameters
contain statistical information on the modelled subject, can be the next signi�cant step based on
hardware and virtual physical models. According to the annually updated Gartner’s Hype-cycle
model, displayed in �gure 1.2 on the next page, Arti�cial Intelligence (AI) powered simulations
are in a phase of triggering innovation and are expected to reach the plateau of productivity
within the next �ve to ten years. Impactful breakthroughs inspire efforts in the �eld in almost
all domains. The over centuries grown know-how around vehicle safety and the increased
computational power are the enablers for the promising technology.

This presented research roots in the domain of virtual assessment in the �eld of passive vehicle
safety. Existing development processes should be accelerated and augmented. In addition to
increasing ef�ciency, the acceleration of the processes should enable the consideration of a
broader range of requirements. Speci�cally, the variance in human dimensions such as body
size or types should be better re�ected during the design process.

For the fast and cost-ef�cient estimation of the effect of different characteristics of the human
body in a vehicle crash, complex FE-simulations with computation times in the range of hours
should be extended by metamodels enabling estimations with computation times in the range
of seconds.
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Figure 1.2: Gartner’s Hype-cycle for Arti�cial Intelligence (adapted from Gartner, 2024)

1.2 Problem Statement
The motivation above implies two main objectives for a metamodel to be successful. The
system must generate estimates faster, while the whole life cycle cost must be lower than for
virtual simulations. Naturally, this includes a suf�cient accuracy of the estimates.

The very nature of metamodels is the rapid prediction. To train a metamodel, a vast amount
of data is necessary. If the distribution of the data changes over time, the metamodel must be
trained again. For the presented research, it is assumed that the data will always contain the
input and output of the metamodel. Hence, supervised learning, a subclass of machine learning,
seems apt.

In supervised learning, the algorithm attempts to �t a function which maps an input, so-called
features, to an output, the targets. To generate data, typically a Design of Experiments (DoE) is
performed. The different settings of the factors in DoE are commonly used as features and the
resulting system’s response as target attributes. However, this approach has the major limitation
that the relevant characteristics of the system must be known. In domains like vehicle safety,
this cannot be always guaranteed. For example, the change of the airbag supplier can lead to
similar but not parametrizable behaviour of this restraint component.

To overcome this limitation, the implicit information from reference simulations appears
promising. One occupant simulation in a particular vehicle con�guration would be necessary
to capture implicitly the characteristics of this speci�c con�guration. The learning algorithm
should be able to capture the relationship of this reference simulation to different anthropomet-
rical con�guration of occupants. Typically, occupants are modelled using human surrogates
like Anthropomorphic Testing Devices (ATDs) or Human Body Model (HBM) with the an-
thropometrical con�guration of a population’s 5th, 50th, and 95th percentiles. Consequently, the
database must contain variations in the vehicle’s con�guration as well as in the anthropometrics.
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The basic idea forming the DoE is to vary the vehicle’s factors by an appropriate scheme. The
occupant’s anthropometrical con�guration is then repeated for each experiment of the DoE.
The data, which is generated by simulation of those con�gurations, can be streamed through
a general machine learning architecture, as displayed in �gure 1.3. The database contains
reference simulation of one anthropometrical con�guration is used as features. The simulation
with another anthropometrics but with the same vehicle con�guration is used as targets.

Database

DoE

Simulation Result for 
Target Anthropometric

MetamodelSimulations Training

Reference 
Simulation(s)

Variation
Anthropometrics

Variation
Vehicle

Factor Space

Feature Space

Target Space

Input

Prediction
Evaluation

Figure 1.3: General Machine Learning Architecture and Data Flow

The output of the simulation can be recorded data as a signal in the time domain like an
acceleration signal, or a three-dimensional representation of the geometry over time. Storing
the geometry representation in a high resolution of the time domain would require tremendously
higher storage capacities than using the sensor output. Because of this reason, the data should
be limited to sensor signal within the presented research. Hence, the input and output of the
metamodel are multivariate time-series. Feature attributes and targets attributes can be extracted
from this data type.

The naming conventions are de�ned by �gure 1.4. The tabular data can be expressed as a table
of attributes and the temporal data as a cube of time-series. A dataset is formed by instances.
Data from the metamodel input is denoted as feature and from the output as target.

Panel Multivariate Time-series

Timestep Samples
Sample

Time-series

Slice

Channels
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st

an
ce
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st
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Attributes

Attribute VectorAttribute

Figure 1.4: Naming Conventions for Data Tabular Data (left) and Temporal Data (right)

In terms of ef�cient data generation, the transition of the factor space to the feature space
becomes relevant. The factors forming the DoE span the �rst space � the factor space. The
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responses of the reference simulation for each experiment of the DoE form the second space �
the feature space. The �rst space has fewer dimensions compared to the second space.

Data can be generated in advance or directly during the training of the metamodel. For the
queried data generation, some directives seem necessary. Naturally, a form of con�dence of the
metamodel in areas of the factor space is used. Since the evaluation takes place in the second
parameter space, new data cannot directly be generated. It is required to perform the transition
into the �rst space before the data generation.

1.3 Research Questions and Outline
The following research questions were formulated from the problem statement explained above.
The questions are aligned with the bigger picture of how a metamodel could be designed
without explicit characterization of the vehicle.

� Can a human surrogate response suf�ciently characterize a vehicle?

� How can the required data be generated and used ef�ciently?

� To which extent the non-linearity of the system limits the capabilities of the metamodel?

� Can domain knowledge be utilized to reduce the required amount of data?

� What are the related works?

To answer the questions, this report was structured in four chapters. After the state-of-the-art
was described, a FE-model was selected and simpli�ed. Based on this model, databases were
generated and utilized for machine learning applications. For research purpose, the premise
was to generate whole databases in advance. In later steps, the sequential data generation
approaches were studied. The relevant software packages are outlined in appendix A.

Thechapter 2, aims to provide an overview of this research’s context and display the relevant
theoretical fundamentals. The overviews cover the topics of machine learning, occupant safety,
and human body diversity. The chapter starts with an overview of passive safety and the
common human surrogates. Additionally, the typical assessment methods and criteria are
introduced. Next, the relevant theoretical background for training and evaluation of supervised
machine learning models is presented. Finally, the concepts of ef�cient data generation and
utilization are collected. Both topics are brought together by collecting research of covering
the human body diversity in passive occupant safety. A digression on Multi-Criteria Decision
Making (MCDM) enlightens the extended methods for the evaluation and selection of different
alternatives for setting up the discussed system.

The topic ofchapter 3 is the ef�cient generation of databases. The criteria for an appropriate
virtual model were de�ned, being the fundament for the selection of the base FE-model. In the
chapter, the order of the individual simpli�cation steps is motivated, for each step the applied
measure described and its impact on the FE-model version’s validity and computational cost
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discussed. The �nal stage of the simpli�cation process was used to generate2 development-
sets for the training and evaluation of the metamodel. To assess the combination of the
simpli�cations and metamodel, a 3rd database, called testing-set, was generated using an
intermediate step of the simpli�cation chain. To investigate the possibilities of the transfer
between FE-models of different complexity, a so-called transfer-set was generated. The
Anthropomorphic Testing Device (ATD) representative Hybrid III (HIII) was used as a base
and the Human Body Model (HBM) representative VIRTHUMAN (VHUM) as a representant
of a complex model. The FE-models and the generated databases were made available to the
public as digital supplements.

Finally, in chapter 4, metamodels were presented and discussed. The input for the metamodels
is of the type of unstructured data, or more speci�cally, they are multivariate time-series. The
learnable feature attributes extraction architectures using Convolutional Neural Network (CNN)
and the Long Short-Term Memory (LSTM) based Recurrent Neural Networks (RNNs) are
compared. As an alternative to the learnable feature attributes extractors, the data transforma-
tions are discussed. The vehicle characterizing human surrogate was a 50th percentile. The
task was the target attributes regression of injury-criteria for 5th and 95th percentiles. The task
was extended by target attributes classi�cation for different number of classes for the criticality
of a crash. Furthermore, the target multivariate time-series regression of the channels from
the FE-simulations was considered. For the extended estimates, a method from the collected
alternatives was chosen. At last, the in�uence of different number of instances for training and
the effectivity of an exemplary querying algorithm is presented. As another way of ef�cient
data utilization, the transfer-set was used for transfer learning; the homogeneous transfer of the
learnable feature attributes extractor from one domain to another. Additionally, the domain of
the relatively simple ATD was used to directly estimate results from FE-simulations with more
complex HBM.
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2 Background, Relevant Fundamentals, and
Related Work

This chapter aims to provide an overview of the related work of this dissertation. The �rst sec-
tion introduces the basic concepts of passive safety assessment methods. Next, the fundamental
techniques of machine learning are discussed. This chapter is focussed on the relevance of
human body diversity and approaches to achieve broad coverage. Ultimately, the concepts for
the assessment of cost and use factors are discussed.

2.1 Overview Passive Safety

2.1.1 Passive Safety Systems
Schöneburg (2023) de�nes passive safety as measures to reduce the severity of an accident.
Accident research is crucial to identify �elds of actions and control the success of measures. The
insights from the accident research and the understanding of the human body’s biomechanics
led to the development of passive safety systems.

Passive safety performance is primarily determined by size, shape, structural design, and
restraint systems of the vehicle. For occupant safety, the typical strategy is a very stiff design
of the passenger compartment and energy absorbing structural components like crash boxes or
the longitudinal members outside that compartment.

The primary restraint system consists of passive design elements of the interior such as limited
local stiffnesses, the absence of sharp edges, and simple seatbelts. The seatbelt and its main
components and force measuring location are presented in �gure 2.1 on the following page. The
extended or supplemental restraint systems are airbags and the extension of seatbelt systems
by load limiters and pre-tensioners. Standard airbags are the Driver Airbag (DAB) and the
Passenger Airbag (PAB). In most vehicles, side airbags and Curtain Airbags (CABs) can also
be found. Especially in the US, vehicles are additionally equipped with knee airbags due to
the unbelted test cases in the Federal Motor Vehicle Standards (FMVSS) 208. However, since
incentivised by e. g. European New Car Assessment Programme (Euro NCAP) in form of
improvement of the rating, knee airbags are installed in other regions as well. Furthermore,
airbags for the vehicle’s centre, belt, and seat ramp were developed.
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Figure 2.1: Seatbelt Force Sensor Locations and Naming Convention

Nowadays, the systems are activated a few milliseconds after the impact, depending on the
measured accelerations. Newer development aims for earlier activation, even before the impact,
by using the environment sensors, for example described by Lugner et al. (2020). In case of
a frontal impact, �rstly, the occupant is restraint by the seatbelt alone. In the further forward
motion, once the frontal airbag is reached, both seatbelt and airbag are active to control the
occupant’s kinetic energy dissipation.

To take different body shapes and behavioural preferences of the occupant into account, the
active restraint systems possess adaptivity to some extent. Typical are different timings to
activate multiple loads limiting levels of the seatbelt system, together with the timing of opening
and airbags adaptive went to control its inner pressure. The different levels of the adaptivity
can be triggered, e. g. by the position of the seat, the occupant’s weight measured in the seat, or
the surveillance system.

Another motivation driving the development of adaptivities is the implications of autonomous
driving. The absence of the driver’s task can enable new activities during the ride. Jorlöv
et al. (2017) and Östling and Larsson (2019) conducted studies in Sweden and China asking a
general audience, which sitting positions and activities they could imagine during a ride with an
autonomous vehicle. The authors identi�ed the �ve major positions displayed in �gure 2.2 in
combination with different levels of how much the seat’s backrest is reclined. In the case each
position should offer a similar level of passive safety as in a conventional car, new restraint
systems have to be developed. Next to airbags in new locations, extended belt systems and
shape adaptive airbags are promising examples, as illustrated by Laakmann et al. (2019).
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Figure 2.2: Potential New Sitting Positions (adapted from Östling and Larsson, 2019)

2.1.2 The Diversity of the Human Body

2.1.2.1 Anthropometrics

Anthropometric data exists as (a) general statistics about body height and weight conducted
for several regions, (b) more detailed studies collecting numerous external anthropometrical
measures, and as (c) external and internal geometric data conducted by studies based on
Computed Tomography (CT) scans or cadaver analysis.

Robinette et al. (2002) introduced the CAESAR database, containing anthropometrical data
for 18 to 65years old in North America and Europe. North American data were collected
in one Canadian city and the USA. The European data was taken from the population in the
Netherlands and Italy.

The National Health and Nutrition Examination Survey (NHANES) collects data on height and
weight of the US American population. The program named National Household Education
Surveys Program (NHES) began in the early 1960s and is still ongoing, as documented in (U.S.
Department of Health & Human Services, 2021).

An extensive collection of external measurements was carried out by Reed and Ebert (2013) and
Reed and Rupp (2013) for sitting subjects with310soldiers and later an additional200elderly
occupants. The data were used by numerous studies on the effect of human body variations on
its crash behaviour. The database was also used by Park and Reed (2016) for BioHuman, an
interactive model that predicts anthropometrics by body height, Body Mass Index (BMI), age,
and the ratio of the upper to the lower body lengths (SHS).

Gordon et al. (1989) performed a survey on US army personnel, collecting detailed anthropo-
metrical measures. The database was published under the name Anthropometric Survey of US
Army Personnel (ANSUR). An update to ANSUR II was released by Gordon et al. (2014). The
data were used, for example, by Östh et al. (2017) and Gayzik et al. (2011) as a reference for
creating different Human Body Models (HBMs).
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An example of an in-depth database for internal and external measures is the Reference Analytic
Morphomic Population (RAMP) introduced by Wang et al. (2016). They collected data based
on CT scans of approximately 5000 subjects.

Motivated by the risk of submarining, the slipping of the lap seatbelt over the pelvic iliac wings,
the studies focused on the deviations in the pelvic region. For example, Izumiyama et al. (2018)
and Izumiyama et al. (2020) used X-rays to determine the different pelvis shapes, angles, and
spine alignment of seated occupants.

Reed and Ebert (2013) compared the data from the 1970s with the data collected by National
Health and Nutrition Examination Survey (NHANES) in the year 2000. The North American
population seemed not changed signi�cantly in height. Nevertheless, the percentiles of the
weight shifted. For example, the Hybrid III 50th Percentile Male Dummy (HIII-50M) matches
with the 33rd percentile of the population in 2000.

Wang et al. (2016) compared the North American population with the East Asian population.
The authors took data for America from the Reference Analytic Morphomic Population (RAMP)
database of CT scan-based measures. They chose the Asian-RAMP, which was conducted
in Taiwan, as a representative population for East Asia. Both populations showed signi�cant
differences in all properties.

The comparison of body height and weight is presented in table 2.1. It con�rms the �ndings of
Reed and Ebert (2013) and Wang et al. (2016). The North American data for the 1970s is taken
from Schneider et al. (1983), for the 2000s from Reed and Ebert (2013). The Malaysian data
from Rahman et al. (2018) were chosen as representative for East Asia, and the Belgium data
from Motmans (2005) to represent Europe. The Malaysian population is signi�cantly smaller.

Table 2.1: Height & Weight of Percentiles in Different Populations

North America
1970s

North America
2000s Malaysia 2000s Belgium 2000s

5th percentile
Female

1511 mm 1508 mm 1464 mm 1534 mm
47.0 kg 50.3 kg 42.7 kg /

50th percentile
Female

1618 mm 1622 mm 1551 mm 1646 mm
62.3 kg 71.0 kg 55.8 kg 70.0 kg

50th percentile
Male

1753 mm 1761 mm 1685 mm 1766 mm
77.0 kg 85.4 kg 66.0 kg 80.4 kg

95th percentile
Male

1869 mm 1887 mm 1793 mm 1943 mm
102.3 kg 123.4 kg 94.8 kg /

2.1.2.2 Masses, Inertia, Tissue and Joints

The determination of masses of body sections can be performed either by CT scans combined
with a density approximation or by cadaver analysis. Segmenting of the body (e. g. in arms,
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thorax) was done, for example by Leva (1996). More detailed studies, as conducted by
Yoganandan et al. (2009) determine all body parts’ properties (e. g. organs, tissues).

Dumas et al. (2007) updated the historical tables of body segment inertia parameters. They
distributed the total body mass over each segment, weighted by the individual volumes. The
validity of the constant density assumption in the body segmenting is questioned. Ackland et al.
(1988) analysed the CT scan of one leg. They concluded, with the limitation on the investigated
body part, that the assumption of an equal density appears to be valid. A recent literature study
collecting different approaches to determine the body segment inertia parameters was done
by Diaz-Rodriguez et al. (2016). They added a method using rigid body dynamics for the
determination of such parameters.

Assessment of material and joint properties suffers, as in all human-related data collections
for passive safety, from the limited load applicable to living subjects. Furthermore, cadaver
specimens can have properties different from those of in-vivo material. Ramachandra et al.
(2019) reviewed different approaches to assess the properties of the rib cage. They concluded
signi�cant differences in stiffness response between tests performed with the pure rib cage and
tests using the entire thorax.

Araœjo (2008) collected data about human joint �exibility in sports. Engin and Chen (1987)
analysed the kinematic and passive resistive properties of the human elbow.

2.1.2.3 Variations in Sitting Positions

As mentioned above, anthropometrical variations can lead to different sitting postures. In addi-
tion, the degrees of freedom provided by a car’s seat and the occupants’ various activities also
lead to different sitting positions. Finally, the test protocols prescribe speci�c con�gurations.

Manary et al. (1998) developed a human surrogate position model based on606subjects. The
resulting posture models were extended by Park et al. (2016) with parameters for different
ages. Compared to the changes in spine-related inner posture by Izumiyama et al. (2018), those
statistical models predict the posture as a whole.

Given an adaptivity which is dependent on the seat’s position, a single setting on which all
individuals plausibly and likely can sit had to be de�ned. Reed and Flannagan (2000) observed
a trend for smaller occupants to sit near to the dashboard and taller further away. Despite
this clear and, from an ergonomic perspective, absolutely plausible trend within the recorded
96 male and female drivers, the authors found an unsatisfying correlation of an occupant’s
statue and its exact position in the seat’s length adjustment.

An extended insight into likely sitting positions can be provided by the crash databases. The
open available data is from Crash Investigation Sampling System (CISS) containing cases from
2017 to 2021 in the US. The selection criteria are de�ned as follows:

[. . .] the target population for the CISS is all police-reported motor vehicle crashes
on traf�cways involving passenger vehicles (automobiles, automobile derivatives,
SUVs, van-based light trucks, light conventional trucks (pickup-style cab), and
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other light trucks with gross vehicle weight ratings<4.5 kg) and in each of which
a passenger vehicle is towed from the scene for any reason. (Radja et al., 2022)

The database contains information on the involved occupant’s age, height, weight, and gender.
Additionally, the occupant’s seat track setting is recorded in �ve levels reaching from �forward
most� to �rear most�.

The following �lter criteria were applied to extract relevant data:

� Only passenger vehicles bigger than lightweight vehicles but smaller than light trucks,

� Only adult occupants (age� 18),

� Only length (track) adjustable seats in known positions,

� Only occupants on front left and front right seats (equal driver & passenger positions),

� Only normal postures (standard use of seat with upright backrest),

� Only non-pregnant occupants.

As the CISS database contains only accidents records, the data is potentially biased compared
to the general US population. As reference, data from the National Health Interview Survey
(NHIS) database was used. NHIS collects data within the US since 1957 by conducting
household interviews. The selection criteria are de�ned as follows:

The target population for the NHIS is the civilian noninstitutionalized population re-
siding within the50states and the District of Columbia at the time of the interview.
The NHIS universe includes residents of households and noninstitutional group
quarters (e. g., homeless shelters, rooming houses, and group homes). Persons re-
siding temporarily in student dormitories or temporary housing are sampled within
the households that they reside in permanently. Persons excluded from the universe
are those with no �xed household address (e. g., homeless and / or transient persons
not residing in shelters), active duty military personnel and civilians living on
military bases, persons in long-term care institutions (e. g., nursing homes for the
elderly, hospitals for the chronically ill or physically or intellectually disabled, and
wards for abused or neglected children), persons in correctional facilities (e. g.,
prisons or jails, juvenile detention centers, and halfway houses), and U.S. nationals
living in foreign countries. While active-duty Armed Forces personnel are not
sampled for inclusion in the survey, any civilians residing with Armed Forces
personnel in non-military housing are eligible to be sampled. (National Health
Interview Survey (NHIS)2022)

Heights in the survey are reported in Inch with zero �oating points. Are the values converted to
cm, some semi-discrete values are the result.

Figure 2.3 on the facing page shows the relationship of anthropometrical attributes to the sitting
position of an occupant. Additionally, to display the potential bias, the �ltered CISS population
is compared to the overall US population from the National Health Interview Survey (NHIS) in
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density histograms with30bins. For obvious reasons, there are signi�cantly more drivers than
passengers in the database. The box plots indicate the 25th, 50th, and 75th percentiles; outliers
were determined by the Interquartile Range (IQR) factor of 1.5 (see section 2.2, page 55).
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Figure 2.3:Seat Position to Age, Height, Weight, and BMI with Population Comparison based
on CISS and NHIS Databases

For height, weight, and BMI, the crash-involved population seems to match the general
population well. For age, the population which experienced a vehicle accident is seemingly
much younger than the overall US population. Cox and Cicchino (2021) came to similar
�ndings, associating the increased involvement with overall riskier behaviour. However, the
wide spread of all ages in all seat track positions indicates a weak correlation between both
factors.

In general, all anthropometrical parameters have a widespread on each seat track position.
For drivers, there is a stronger correlation to height and weaker to weight. For passengers,
the forward most position seems predominantly populated by smaller occupants. No trend is
recognizable for the positions behind. Especially around the middle seat track position, all
types of occupants can be found.

The aggregated data has one major limitation. The moment of assessment of the seat track
position is not de�ned. There is a high chance that �rst responders had to change the position
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to rescue the injured occupant. Consequently, the police recorded position can differ from the
real one.

2.1.3 General Passive Safety Assessment Methods

2.1.3.1 Overview

In technical development, the �nal product is determined with legal, consumer, and internal
requirements and validated by tests. However, often the validation is reduced to a couple of
discrete example test cases, not necessarily representing the system’s overall behaviour. This
approach is also applied to the current passive safety assessment of vehicles. Unquestionably,
the test cases are carefully selected to represent critical and statistically relevant scenarios.
However, especially the point-wise testing as de�ned by the legislative entities can lead to a
local optimization.

Testing, in general, can be understood as the simulation of real-world scenarios. The main
assessment methods are either full vehicle crash tests, or sled tests in hardware. Both test types
can be mimicked in simulations by virtual models. Virtual methods allow a high degree of
modelling �exibility within the expertise of the engineers, especially during the development
phase of vehicles. A systematic of testing methods is presented in �gure 1.1 on page 2. In
the following, the most important testing methods are brie�y explained. A more in-depth
explanation is provided for Finite Element Analysis (FEA) as this is the main method used in
this work.

Based on Multi Body Simulation (MBS) or FEA methods, virtual testing generates faster, and
less expensive results than hardware testing. However, the virtual models must be validated by
physical testing. Due to this limitation, the potential of virtual methods cannot be fully utilized.
The transition from anthropometric data to virtual models plays an essential role in the virtual
assessment of the human body’s diversity in passive safety systems.

2.1.3.2 Physical Testing

Crash Test Facility

Full vehicle hardware tests require a vehicle with the complete crash relevant structure and
interior. The most important components of a test facility are sketched in �gure 2.4 on the
facing page. Usually, the vehicle under test is pulled towards an obstacle. Alternatively, a
trolley is pulled towards the vehicle. For some tests, both crash partners are accelerated.

In the actual test zone, strong lights enable high-speed cameras to record the crash. From a pit,
additional cameras capture the deformations of the vehicle’s crumble zone. Next to cameras,
typical sensors are acceleration sensors, electromechanical transducers, strain gauges, string
potentiometers, and paint. The paint is used to identify the contact point of the Anthropomorphic
Testing Device (ATD) with the interior and with the restraint system.
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Figure 2.4: Schematic Representation of a Crash Test Facility

The vehicle motion is derived from the high-speed cameras using dynamic photogrammetry.
Similar, but usually less accurate results, can be achieved by integration of the acceleration
signals from the sensors mounted on the Body In White (BIW).

Sled Test Facility

As a simpli�cation of the full vehicle testing, sled tests are used. Central is the sled, on which a
reduced but reinforced BIW is mounted. Moreover, more specialised setups such as the seat
alone or a seat with door are used. There are two principals of sled test devices � both are
sketched in �gure 2.5. The �rst one mimics a full vehicle crash: the sled is pulled towards
an obstacle. The crash structure is replaced by a controlled energy absorption system like
stacked metal wires, a servo hydraulic press, or an irreversible deformable element. The second
principle is the acceleration sled. Here, the still-standing system is accelerated following
the desired crash pulse. While enabling higher test accuracies and coming with lower space
requirements, such systems are pricier than the deceleration sleds. Overall, the sensors and
their evaluation are the same, as for the full vehicle crash.

TrackBreak

Light

Light

Propulsion 
System

Sled TrackSled

Light

Light

Catapult

Figure 2.5: Schematic Representation of a Sled Test Facility (Left Acceleration Sled, Right
Deceleration Sled)
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2.1.3.3 Virtual Testing

Multi Body Simulation

Multi Body Simulation (MBS) model systems use rigid, hence undeformable, bodies with a
de�ned mass and inertia, connected by joints or constraints. Each body in the system has six
Degree of Freedoms (DoFs). Constraints deliver additional equations to the base system of
equations of motion. In practise, the formulation of Lagrangian dynamics can be used.

For example, for the software MSC ADAMS, McGrath and McConville (1998) formulated the
system of equationsE based on the LagrangianZ 2 R as

d
dt

@Z
@_q

�
@Z
@q

+
@�
@q

� � = p. (2.1)

The Lagrangian is the difference of the total kinetic and potential energy of a multi body system.
The generalized coordinates of the system are represented by the vectorq 2 EU. If no direct
dependencies between some DoFs are considered,q contains all six degrees of freedom for
each body in the system, leading to theU coordinates. The partial derivatives lead to vectors
with EU. TheV equations of the constraints are coupled by� 2 EV . Consequently, the partial
derivative leads to the matrix ofEV�U , which is multiplied by the Lagrangian multipliers
� 2 EV . Ultimately, the generalized forces at the degrees of freedom are denoted byp 2 EU.
Additionally, the constraining equations are considered, leading to the complete system of
second-order differential equations withU + V equations and the unknownq and� .

Those are solved using numerical time integration. Deformable bodies can be modelled using
elastically connected small rigid bodies. However, the method does not scale well with an
increasing number of bodies, hence limits DoFs of the whole system and constrains. Instead,
the strength of the method is in the time domain. Consequently, MBS is used for vehicle
dynamics, pre-crash MBS-simulations, or in crash MBS-simulations of highly limited degree
of detail as simpli�ed interior.

Finite Element Analysis � Basics

Finite Element Analysis (FEA) adds deformable bodies to the system. A simple example is
shown in �gure 2.6 on the facing page. Domains with a de�ned geometry are discretized
by small, alias �nite, elements. Each element is de�ned by its corner nodes shared with the
neighbour elements. The method provides different level of abstractions, allowing the engineer
to make the FE-model as simple as possible but as complex as necessary. For structural
conditions, where the length dimension is much larger than the height and width dimensions,
beams and truss formulations are used. If the planar size is signi�cant bigger than the thickness,
a shell formulation and else so-called solid elements are used.
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Figure 2.6: Schematic Representation of Finite Element Model in 2D (adapted from Tekkaya
and Soyarslan, 2014)

The relation of the nodes of one element is governed by the material law, resulting in internal
forces. The resulting mass matrixW , the system’s dampingS, the internal stiffnessK and
external forcesp result in the equation of motion

W � �u + S � _u + K � u = p, (2.2)

being a system of second-order differential equations and connecting the nodal displacement
vectoru over the time.

The numerical time integration to solve the equation containing the nodal velocities_u and
accelerations�u is done either implicitly or explicitly. Using the implicit method, the solution
of each timestep contains the information at the timestep itself. The methods try to achieve an
equilibrium by iteration until a convergence criterion is met. In the explicit case, the solution
of one timestep depends solely on the previous. To achieve accurate results, a rather small
integration interval has to be used. On the contrary, no convergence needs to be achieved.

Consequently, implicit time integration usually used for static or processes of low dynamics.
Explicit time integration is used for highly dynamic and non-linear systems like vehicle crashes.
The popular software � the so-called solver � Livermore Software technology corporation
DYNA (LS-DYNA) utilizes the central difference method for the time integration. With explicit
time integration, the integration interval is crucial for the numerical stability and computational
expense. The smaller the integration intervalT , the higher the expense. The maximum
integration interval is determined by the system’s properties. For example, in LS-DYNA for
beam elementsT is de�ned as

T � L �
r �

E
. (2.3)

In the calculation of the maximum integration interval,L is the element’s length,� its density,
andE the elastic modulus. The equation is extended for higher dimensional elements, accord-
ingly. Rigid bodies are not considered in the determination of the critical timestep. In general,
the timestep of an element increases with its size and density and decreases with higher stiffness.
Another important in�uence on the actual integration interval is the stability requirement for
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the contact algorithm. The integration interval directly in�uences the computation time, since
with a bigger integration intervals, fewer cycles have to be calculated. In summary, a coarser
mesh can increase the integration interval and accelerate the FE-simulation. Another side effect
of a coarser mesh is the existence of fewer nodes, and thus fewer computations to perform and
less data to update and store.

Especially, the explicit time integration enables the FE-simulation of highly non-linear structural
problems. Next to large and highly dynamic deformation, material properties such as plasticity,
failure, and strain rate dependence can be modelled. The mass-scaling techniques utilizes the
density dependency of the critical integration interval in equation 2.3 on the previous page to
counter the integration interval reducing effect of compressed elements. Naturally, this method
can only be applied, if the density increase does not lead to a mass increase which would
signi�cantly in�uence the overall dynamics.

Finite Element Analysis � Relevant Modelling Techniques for LS-DYNA

The theory of LS-DYNA is provided by ANSYS, Inc. (2024). In general, a FE-model is
organized in card de�nitions � so-called keywords de�ned by Livermore Software Technology
(2020a,b). The nodes are associated with elements. Elements are associated through the �part�
de�nition with a material law and element formulation. Contacts and constraints are de�ned
using �set� de�nitions that contain groups of nodes, elements, or parts. Finally, the �control�
keywords allow the setting of parameters for the solver.

The software stores theresults in so-called d3plot �les. Since the full FE-model information
at each timestep can consume large storage, the �database� de�nitions allow the recording of
local information like the kinematics of a node of the force in an element. Such recordings
are stored in so-called binout �les. In the domain of crash testing, a typical sampling rate is
10 kHzas required, for example, by ISO 18571 (see page 29). The sampling rate of the full
model output must be balanced with the available storage which is persistent for storing and
temporary for post-processing and the required temporal resolution. In the author’s experience,
a sampling rate of 0.5 kHz to 1 kHz is a good choice for the given domain.

To compute a FE-simulation, the problem is viewed as temporal and spatial. The temporal
progress is achieved by numerical time integration. For numerical time integration, the available
number of �oating points is relevant �32 bit is called singleprecision and64 bit double
precision. The precision is associated with computation time, numerical stability, and storage
consumption. The spatial decomposition enables the application ofparallelization techniques.
The system’s physical problem is solved at each timestep for each decomposed region parallel.
More Central Processing Units (CPUs) can lead to a higher degree of parallelization and, hence,
to shorter computation time given a suf�cient model complexity. The update of the full system
equals the overhead and must be balanced with the system’s complexity. The parallelization
can be done using a shared memory (SMP) as is the case on a workstation, or by distributed
CPUs with the respective memory with Message Passing Parallel (MPP) as on a cluster. For
crash FE-simulations, the MPP implementation of LS-DYNA is optimized and should be used
consequently.
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Not to be forgotten should be the computational effort forpre- and especiallypost-processing
of the FE-simulations. All models have to be generated and transferred from a local workstation
to the cluster. After the FE-simulations, the results have to be transferred and stored. This
process bene�ts from smaller �le sizes achieved by the careful selection of the stored data and
the overall model size. For post-processing, the access to the persistent storage is required.
Rapid drives like Solid-State Disks (SSDs) can speed up the post-processing signi�cantly.
In addition to appropriate computer-hardware, optimized processing algorithms containing
parallelization and vectorization are key.

The centralelement typesare solid, shell, and beam. A solid element models a whole volume.
The shell element assumes planar conditions with a thickness de�nition. Beam elements assume
axial conditions with a de�nition of the beam’s cross-section. Under the category elements,
LS-DYNA also lists spring / damper and seatbelt related de�nitions.

For each element type, in the so-called �section� de�nition, variouselement formulationsare
available. For example, for beam elements, a less complex truss de�nition can be set if only
axial loads are expected.

Thematerial law governs the element response under load. Elastic de�nitions allow linear
and non-linear material stiffness, and plastic de�nition add irreversible deformations. A rigid
de�nition will lock all relative displacements of the nodes within a part to each other. The
null material provides a massless element and can be used for contact improvements regarding
stability and computational cost for the surfaces of the solid element. Finally, the fabric
de�nition, used for airbags, enables modelling materials where the bending stiffness is of little
signi�cance.

In LS-DYNA, two majorseparable contacttypes exist. In general, the contact algorithm
checks if a node is in contact with a surface formed by other nodes and applies some form
of penalty related to the material’s stiffness. The two-partners-contact allows the de�nition
of two distinct surface groups. The self-contact enables the interaction of all surfaces within
a single group. LS-DYNA provides multiple forms of contact treatment in terms of contact
detection, contact force application, and initial penetration treatment. For self-contact, LS-
DYNA additionally provides an edge detection algorithm, allowing robust but computationally
expensive contacts at sharp edges. The initial penetrations are especially relevant for compact
assemblies where due to modelling inaccuracies the distance between contact surfaces is lower
than the shell thickness. The initial penetrations would lead to initial forces and can be handled
by an algorithm adjusting the local thickness or moving nodes. Unlike the initial penetrations,
an initial intersection cannot be handled. Since the solver has no information on the directions
of the contact partners at the start of the FE-simulation, an intersecting node would be simply
treated as being on the other surface side; the two contact surfaces will not separate.

Purposefullynon-separablecontacts are �tied� de�nitions. The algorithms de�ned a force
element between a node from one contact partner to the surface of another partner. The force is
a soft coupling between the two surfaces. Alternatively, a constraint-like formulation can be
selected, too.
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Similar to the MBS, in FEA,constraintscan be de�ned by coupling the kinematics of nodes
as well. If the relative motion is completely locked, the de�nition is called rigid. Joints leave
some DoF open, like, for example, the revolute joint allows only relative rotation. Additionally,
the kinematics can be prescribed for the whole time domain as a form of boundary condition.

Initial conditions can be modelled in multiple ways. One way would theoretically be the above-
explained initial penetration. Other ways are �initial� de�nitions, such as velocity. Finally,
the initial tension can be de�ned using the concept of �reference geometry�. In this de�nition,
the tension free geometry of an element is provided. From the difference between this tension
free state and the one at the beginning of FE-simulation, the initial tension is calculated. The
concept can be used to model initial tensions in a component from its production. Another
application is in airbags. In its folded state, the fabric is heavily deformed and compressed.
As explained above, would small elements lead to a small integration interval. In LS-DYNA,
the reference geometry can be used instead of the actual element to determine the critical
integration interval. To avoid unfolding without in�ation, the inner tension can be deactivated
too.

The technique ofsub-FE-modelsis commonly used for FE-simulations with ATDs. Only for
ATD interaction, relevant parts of the complete vehicle model are used. The actual crash is
replaced by a prescribed vehicle-pulse and applied intrusions. Three techniques from LS-DYNA
are typically used:

� *BOUNDARY_PRESCRIBED_MOTION

� *BOUNDARY_PRESCRIBED_ACCELEROMETER_RIGID and

� *INTERFACE_COMPONENT respective *INTERFACE_LINKING.

For the prescribed motion, a vehicle-pulse at one or multiple vehicle positions must be recorded.
The prescribed motion algorithm is applied to a DoF of a node. By the combination of six
acceleration signals, a node’s complete kinematic over the entire FE-simulation time gets
prescribed. If the node is connected to other nodes, or a modi�ed algorithm for rigid bodies
is used, whole components rigid body motion can be controlled in this way. The prescribed
accelerometer algorithm applies accelerations to a submodel on multiple nodes. The deviation
between the different sensor locations is treated by averaging. Nevertheless, the sensor locations
should be affected by local deformations as little as possible. The interface functionality enables
the recording of deformations in one FE-simulation and the application of it to another FE-
simulation. It maps the displacements of single nodes from one FE-simulation to another. In the
case of non-matching meshes, the displacement of the constrained nodes will be interpolated
from the surrounding nodes of the reference FE-simulation.

The FE-simulation ofairbags is almost a discipline by itself, as the problem is partially based
on structural and partially �uid mechanics. An airbag in LS-DYNA is a volume enclosed by
shell elements with a fabric material law. In the simplest case, the pressureP is assumed
constant over the volumeV and the conditions are governed by the ideal gas law

P � V =
m
�

� R � � , (2.4)
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with � being the chemical compound dependant molar mass,R the Molar Gas Constant,
and� the temperature, andm the mass. A de�nition of the in�ator adds mass to the system,
while leakage and venting de�nitions remove the mass from one timestep to the next. The
temperature is handled similar. The volume is coupled to the enclosing fabric and its response
to the uniformly applied pressure. The jetting extension limits the area of applied pressure
on the airbag fabric to a cone of sight from the in�ator. Inhomogeneous conditions, relevant
especially during the unfolding of an airbag, can be simulated using the mesh-free particle
method. The mass �ow can contain a single gas or a mixture (hybrid).

Other software like Virtual Performance Solution (ESI) (VPS) uses similar de�nitions and
strategies to set up a FE-model. Naturally, the exact naming and algorithm implementation
vary in detail. The similarities allow the existence of solver-agnostic pre- and post-processors
like ANSA / META from BETA CAE Systems or Generator / Animator from GNS GmbH.
However, due to differences in detail, the transfer between multiple solvers requires signi�cant
modelling and validation efforts.

2.1.4 Human Body Surrogates

2.1.4.1 Introduction

For the assessment of occupant safety, real-world crashes have to be simpli�ed into crash tests.
The most common approach is the combination of the tested vehicle with a �xed or movable
barrier. Surrogate models like ATDs or purely virtual existing HBMs are used to assess the
injury risk. With this, bio�delity, validity, and repeatability are key factors for the meaningful
assessment of occupant safety.

Bio�delity in automotive safety describes the degree to which a model represents an actual
human. The shape, structure, and biomechanical behaviour can be studied on living subjects.
The bio�delity in trauma biomechanics is usually assessed by comparisons with the so-called
Post Mortem Human Subject (PHMS). The utilization of PHMS is very limited for ethical
reasons, but also due to the limited availability of subjects as well as the potentially non-
representativity of the available subjects for a population. Iwamoto et al. (2015) and Kovar
and Hlucha (2019) collected published tests relevant for the validation of human surrogate.
Richardson et al. (2019) added a test with a reclined occupant.

Validity is understood here as a measure of how well a virtual model represents its physical
origin. It is worth noting that validity is only given for the scenario in which the validation was
carried out. Hence, the judgement if a model is after a change still valid relies mainly on the
expertise of the developing engineers.

Repeatability describes the degree to which the model’s estimations deviate if the same experi-
ment is conducted several times. Certi�cation procedures address repeatability. A reproducible
test and measurement tool is crucial for an assessment. It seems obvious that neither the
developing nor the assessing entities can progress if the repetition of a test results in divergent
outcomes.
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2.1.4.2 Anthropomorphic Testing Devices

Yang et al. (2006) reviewed the virtual representation of humans for automotive safety published
until 2006. They structured the approaches into models using lumped masses, models using
linked masses, and FE-models. Furthermore, they distinguished between models for only single
regions (e. g. head, neck, thorax) and total body models.

The typical technical representation of the total human body is the Anthropomorphic Testing
Device (ATD). The most common ones for frontal crash testing are the members of the Hybrid
III (HIII) family. Recently, Euro NCAP introduced in Euro NCAP (2020) the Test Device for
Human Occupant Restraint (THOR) 50th percentile to their testing protocols. As ATDs are
technical constructions of limited complexity, the validity of virtual twins of ATDs is usually
high. Simpli�ed real-world test setups can be mirrored into the virtual models, and separated
effects can be compared.

Numerous sensors are located within the technical assembly, which is called an ATD. The HIII
measures with around41sensors; the newer THOR with over150sensors. The output of the
sensors are by so-called injury risk curves related to the human biomechanical limitations. Praxl
(2011) reviewed the validity of such curves, identifying four factors affecting the reliability
of injury risk curves: sampling interval, censoring, test severities, and the statistical model.
He points out that a wrong choice of one of those factors, especially the statistical model, can
lead to an unrealistic curve that impacts the safety assessment. Often, instead of risk values,
absolute limits are used to report. Eppinger et al. (2000) de�nes injury-criteria for the sensor
signals for each ATD.

Since an ATD is a technical assembly, it should be used only for the purpose it was designed
for. Similarly, an injury risk curve is constructed in relation to a particular injury mechanism.
For that reason, an ATD designed for a front crash should not be used for a lateral impact. Fur-
thermore, an ATD for common upright sitting positions potentially cannot measure adequately
with highly reclined backrests. Additionally, different injury mechanisms could be dominant
that are maybe not covered by the injury risk curves.

For assessing the interaction of the vehicle with its occupants, few anthropometric con�g-
urations are usually tested. The 5th, 50th, and 95th percentiles of ATDs are widely applied
assuming a Gaussian distribution of body shapes in a population. However, the human body
does not necessarily vary as a whole, but in some parameters (see page 9 ff). The reason for
using only those few percentiles can be the limitation of resources, especially for physical
testing. Furthermore, the occupants’ sitting position can vary due to different anthropometrics,
pre-crash manoeuvres, and possible activities while using a vehicle (see page 11 ff).

A statistical representation of a human population is limited by the time when and the geograph-
ical region where the data were collected. Restriction to selected percentiles of a population
in�icts a limitation in the bio�delity of ATDs. The HIII-50M dates back to Hybrid II, whose
anthropometric was based on a survey by Tennant et al. (1974) among the North American
population. Schneider et al. (1983) reported that the survey was used for de�ning the outer
dimensions of the HIII family. According to Martin and Shook (2007), the anthropometrics of
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the THOR dates back to those studies, too. Interestingly, the Belgium 50th percentile male is
near to the HIII anthropometrics (see table 2.1 on page 10 and �gure 2.8 on page 28).

2.1.4.3 Update of an Anthropometrical Testing Device on the Example of HIII-
50M and THOR-50M

The focus of this work is the frontal crash for vehicle passengers in the �rst row. Recently,
multiple organizations, for example CATARC (2024) and Euro NCAP (2023a,c), replaced the
widely used HIII-50M ATD with the newer Test device for Human Occupant Restraint, 50th

Percentile Male (THOR-50M). After the initial efforts of the NHTSA (2015), the NHTSA
(2024) announced the incorporation of THOR-50M to FMVSS 208 for 2025. Naturally, industry
and research compared the responses of both surrogates in the crash scenarios.

An extensive comparison was published by Xu et al. (2000). The authors analysed the responses
in pendulum tests as well as in full vehicle tests. As a major limitation of the study, the THOR-
50M version should be mentioned. The used alpha version represents an early stage of the
development.

In the pendulum tests, higher oscillations of the head acceleration of the THOR-50M were
found. Furthermore, the peak chest acceleration was reported25 % to 50 %higher than the
acceleration of the HIII-50M. Moreover, the pelvis acceleration showed stronger oscillations
and signi�cantly higher peaks.

In the vehicle tests, approximately10 ghigher maximum head accelerations of the THOR-50M
were measured. The maximum chest de�ection was found to be similar. In the author’s
experience, the chest de�ection of both ATDs is comparable only to a limited extent. While
HIII-50M evaluates the de�ection at a single point, for THOR-50M four points are used.
Further �ndings of Xu et al. (2000) were higher loads in the lumbar spine of the HIII-50M. For
this reason, the overall stiffer spine was identi�ed. THOR-50M has deformable rubber blocks
in multiple places along the spine. In comparison, the HIII family was designed with one single
big rubber block. Regarding the lower extremities, the HIII-50M reacted with rougher signals
to the vehicle crash. The authors provided the overall softer knee of the THOR-50M as a reason.
However, no clear trend was identi�ed between both signals regarding their magnitude.

The newer THOR-50M was compared with the HIII-50M under frontal test condition by Albert
et al. (2023). They observed similar seatbelt B3-forces (see �gure 2.1 on page 8) and reasoned
them by the similar geometry and dominance of the retractor for both ATDs. However, the
HIII-50M reported higher lap seatbelt forces. In contrast, they measured higher forces on the
knee bolster for THOR-50M. The foot support forces were found to be similar. The study
of Albert et al. (2023) was intended as a bio�delity comparison of both ATDs. Hence, most
analysis compared the individual surrogate with the PHMS test. The ISO-rating was calculated
for multiple responses. Unfortunately, since the scope was the bio�delity assessment, the scores
for a direct ATD to-ATD comparison were not provided.

O’Connor et al. (2022) conducted a database-driven study. The authors compared data from
crash tests with THOR-50M and HIII-50M with real word accidents from the CISS database
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from the US. In addition, they compared their �ndings with those from the literature. Ge-
ometrical comparisons of both ATDs and comparisons of their responses in crashes were
performed.

Given the same seat adjustment, the head of the THOR-50M was found to be ca.50 mm
rearward (away from the steering wheel) and ca.30 mmhigher than the head of the HIII-50M.
At the same time, the H-Point (equals approximately the Centre of Gravity (CoG) of the
pelvis) of the THOR-50M was approx.16 mmmore forward and30 mmhigher. The knees
of the THOR-50M were measured in average ca.50 mmcloser to the instrument panel. The
seatbelt B3-forces were found to be similar. The maximum chest accelerations were found to
be comparable. The Head Acceleration over 3 ms Criterion (HAC3) was reported25 %higher
in average for THOR-50M than for HIII-50M. The Neck Injury Criterion (Nij) showed an73 %
higher average and the Neck Tension Force Criterion (NTC)24 %. The Femur Compression
Force Criterion (FCC) were 93 % to 179 % higher for THOR-50M.

O’Connor et al. (2022) reasoned the observed differences and compared them with the literature.
All trends were reported to be in agreement with the literature. The vertical difference of the
head position was explained by the different sitting heights of both ATDs with907 mmfor
the THOR-50M and884 mmfor the HIII-50M. The more forward head position of the HIII-
50M seemed plausible, as its spine’s overall stiffness is lower. Hence, the back can follow
the seat backrest less. The different H-Point positions were not discussed. However, they
can be expressed as distance to the cushion instead. Due to the overall thicker pelvis of the
THOR-50M, its H-Point will be higher and more forward. The more forward knee positions of
THOR-50M were explained by the combination of the pelvis position and the length of the
upper leg. The head and neck loads of the THOR-50M were assumed to be higher due to higher
initial distance of the head to the DAB. The higher femur loads were connected with the initial
knee position.

In general, similar trends were found in the different studies. Although, the investigation of
Xu et al. (2000) diverged because an older version of THOR-50M was used. Combining the
reported results and the author’s experience, the following set of expected differences between
THOR-50M and HIII-50M were assembled given a matched seating procedure. The �ndings
are summarized in table 2.2 on the next page. The arrow direction in the position columns
indicates the direction of the difference. Pointing to the left is understood as towards the
instrument panel, and pointing up as a vehicle’s upward direction. The arrows in the load
column are related to the maximum accelerations for the accelerometers. The arrow directions
indicate the qualitative direction of the change in the observed values. Due to the different chest
designs of both ATD, the chest de�ection was left aside. Overall, the literature reports higher
maximum chest de�ections of the THOR-50M and reasons them by a softer thorax design and
more sensitive sensors.
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Table 2.2: Expectable Differences of an Update from HIII-50M to THOR-50M

Position
Load

X-direction Z-direction

Head Accelerometer ! ca. 50 mm " ca. 30 mm "
Neck "

Shoulder Belt $
Chest Accelerometer $

Lumbar Spine #
Lap Belt #

Pelvis  ca. 15 mm " ca. 30 mm "
Femur "
Knees  ca. 50 mm equal "

2.1.4.4 Human Body Models

A purely virtual approach to model occupants is via HBMs. An HBM is not limited by technical
restrictions like ATDs. Of course, the degree of detail is limited by the targetted computational
cost. The numerical model offers the possibility to de�ne its behaviour precisely like in a
human being. Extensive validation to PHMS has to be done to achieve this goal. In contrast,
Schneider et al. (2017) stated that such validations are limited since every human is unique and
so every PHMS is unique as well. Unlike the validation procedure for virtual ATDs, single
component tests and complete assembly tests cannot be based on the same subject. Hence, a
statistically signi�cant number of tests must be carried out to get a well-validated model. This
is contradicted by the limitations of PHMS testing stated above.

For human body modelling, MBS and FEA are used. Siemens Digital Industries Software
(2024a), provides a MBS model focusing on pre-crash assessment and crash analysis. A hybrid
approach to MBS modelling in FEA was used by Vychytil et al. (2014) to create VIRTHUMAN
(VHUM). The objective of the developments was low computational cost and straightforward
scalability. Kovar and Hlucha (2019) reviewed the status of VHUM and claimed it to be fully
validated. Based on CT scans, the following FEA full-body models were created: (i) the
HBM of the Global Human Body Models Consortium (GHBMC), introduced by Gayzik et al.
(2011) and Schwartz et al. (2015), (ii) the Total Human Model for Safety (THUMS), described
by Shigeta et al. (2009), and (iii) the HBM of Virtual Vehicle Safety Assessment (ViVA),
introduced by Östh et al. (2017). In �gure 2.7 on the following page, the MBS model of
MAthematical DYnamic MOdels (MADYMO), the hybrid FE-model, and the highly detailed
THUMS are compared.

The THUMS FE-models are widely used in research and industry. Shigeta et al. (2009)
described the THUMS v4 with detailed organs and approx.2 000 000elements. The external
anthropometric data were derived from the HIII ATD de�ned in Robbins (1983). THUMS FE-
models exist for the whole range of the HIII family, ranging from 6-year-old to 95th percentile.
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VIRTHUMAN THUMSSimcenter MADYMO

Figure 2.7:Examples of Human surrogate (from left, adapted from Siemens Digital Industries
Software, 2024b, Kovar and Hlucha, 2019, Toyota Motor Corporation, 2011)

The GHBMC FE-models were created in 2006 and are widely used as an alternative to
THUMS. Analogously, two different degrees of details were developed as well as the typical
anthropometrical sizes.

The ViVA FE-model attempts open-source development. Unlike GHBMC and THUMS,
ViVA represents an average female. In this context occurs the question for a reason of the
selected gender of ATDs and the other HBMs 50th percentiles. The decision was reported
by Schneider et al. (1983). In the report, four anthropometrical con�gurations originating
from National Health and Nutrition Examination Survey (NHANES) data from the 1970s were
suggested; the 5th percentile female, the 50th percentile male and female, and the 95th percentile
male. Although the 5th and 95th percentiles covered the overall population’s outer border, the
50th percentiles for the male and female populations were signi�cantly different (table 2.1 on
page 10). Schneider et al. (1983) stated that the funding was not enough for the development of
ATDs in four con�gurations and, hence, the 50th percentile female was excluded.

HBMs are an active �eld of research. E. g. THUMS entered Open Access by Toyota (2020) and
was recently released by Toyota (2023) as v7 for reclined postures. Other noteworthy HBMs
are:

� The CHARM-70F and the CHARM-10 described by Jin et al. (2018) representing a
70-year-old female,

� The CAVEMAN focused on military application depicted in Butz et al. (2020),

� The Ford HBM in El-Jawahri et al. (2010),

� And the Human Model for Safety (HUMOS) and HUMOS 2 introduced by Robin (2001)
and Vezin and Verriest (2005) respectively,

� The HANS FE-model developed in particular for industrial use from DYNAmore GmbH
(2023), and the HBM Connect by Humanetics Innovative Solutions Inc (2024b).
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Relevant publications with data on tests with PHMS can be found in the validation reports
of various HBMs. Beillas and Berthet (2018) reviewed the development and validation of
spleen, liver, and kidney in the GHBMC. They concluded that the selection of the specimens
signi�cantly in�uences the selection of material properties in the virtual model. Recent
experiments address the upcoming new sitting positions in the context of automated driving.

Virtual models possess the ability to be geometrically scalable. For ATDs this is usually not
done as they mirror their exact hardware twin. On the other hand, HBMs are commonly scaled.
However, especially for comparability, HBMs are often published related to the established
percentiles. Additionally, sensors similar to the ATD or FEA data could be used in HBMs. An
example of more profound insights from the FEA data is the tension within the tissues.

In �gure 2.8 on the following page for the assessment of frontal crashes, commonly used human
surrogates are collected. Some models are only available with sitting pelvis, and thus, no exact
standing height data was accessible. For the HIII family, the data were directly measured
from the FEA model used in the thesis work. To measure standing height, the limits of the leg
joint had to be violated. For the THORs, the approximations from National Highway Traf�c
Safety Administration (2022) were used. The ATDs weights were taken from Humanetics
Innovative Solutions Inc (2024a). It must be considered that the speci�cations of an ATD are
with tolerances. For example, the Dummy Testing and Equipment Committee (2022) de�ned
up to–15 mmtolerance for length measures. The data of THUMS was published by Kato et al.
(2018), the data of VHUM by Kovar and Hlucha (2019), and the data of GHBMC by Park
et al. (2013). The data for the ViVA and SAFER HBMs were summarized by Li et al. (2023)
and used those base anthropometries for further studies, including scaling of the models. In
�gure 2.8 on the next page, additionally, the population data from table 2.1 on page 10 for
North America (NA) and Malaysia were added.

In summary, the classic ATDs get increasingly accompanied by HBMs. Recent developments
like the Bio�delic Dummy as described by Härtel (2024) have the potential to bridge both
worlds. Despite a validated HBM can provide great insight into the injury mechanisms active
during a car crash, their computational cost is signi�cantly higher.

27



�3�0 �4�0 �5�0 �6�0 �7�0 �8�0 �9�0 �1�0�0 �1�1�0 �1�2�0 �1�3�0

�W�e�i�g�h�t� �(�k�g�)

�1�4�0

�1�5�0

�1�6�0

�1�7�0

�1�8�0

�1�9�0

�2�0�0

�S
�t�

a�
n�

d�
i�n

�g
� �

H
�e

�i�
g�

h�
t� 

�(
�c

�m
�)

�H�I�I�I

�H�I�I�I

�H�I�I�I

�T�H�O�R

�T�H�U�M�S

�T�H�U�M�S

�T�H�U�M�S

�V�I�V�A�+

�S�A�F�E�R� �H�B�M

�V�I�R�T�H�U�M�A�N

�G�H�B�M�C

�T�H�O�R

�N�o�r�t�h� �A�m�e�r�i�c�a� �1�9�7�0 �N�o�r�t�h� �A�m�e�r�i�c�a� �1�9�7�0

�N�o�r�t�h� �A�m�e�r�i�c�a� �1�9�7�0

�N�o�r�t�h� �A�m�e�r�i�c�a� �1�9�7�0

�N�o�r�t�h� �A�m�e�r�i�c�a� �2�0�0�0

�N�o�r�t�h� �A�m�e�r�i�c�a� �2�0�0�0

�N�o�r�t�h� �A�m�e�r�i�c�a� �2�0�0�0

�N�o�r�t�h� �A�m�e�r�i�c�a� �2�0�0�0

�M�a�l�a�y�s�i�a

�M�a�l�a�y�s�i�a

�M�a�l�a�y�s�i�a

�M�a�l�a�y�s�i�a

�P�e�r�c�e�n�t�i�l�e

�0�5�F

�5�0�F

�5�0�M

�9�5�M

�T�y�p�e

�A�T�D

�H�B�M

�P�o�p�u�l�a�t�i�o�n

Figure 2.8: Standing Height and Weight of Selected Populations and Human surrogate

2.1.5 Typical Requirements on Passive Safety of Vehicles

2.1.5.1 Standards

Overview

Not obligatory by itself, but often referred in the requirements from legislatives and consumer
organizations, are standards as they are de�ned, for example by International Organization
of Standardization (ISO) and Society of Automotive Engineers (SAE). Moreover, standards
re�ect state-of-the-art and industry best practice. The following applications relevant for this
work are illustrated: SAE J211 respectively ISO 6487 for signal �ltering, ISO 18571 for signal
comparison, and ISO 13499 for sensor channel naming conventions.

CFC Signal Filtering by SAE J211 and ISO 6487

Sensor signals in the passive safety domain are usually �ltered according to SAE J211 from the
Safety Test Instrumentation Standards Committee (2022). The Channel Frequency Class (CFC)
�lters are industry standard. It is de�ned as a digital, low-pass Butterworth �lter of second
order. The �lter is passed twice, once forward and once backwards, resulting effectively in a
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�lter of fourth order and eliminating the phase shift from a single pass. The �lter’s differential
equation

�zt = a0 � zt + a1 � zt � 1 + a2 � zt � 2 + b1 � �zt � 1 + b2 � �zt � 2, (2.5)

maps the padded discrete signalz over the timet to the �ltered signal�z with T being the
sampling interval. The �lter coef�cientsa andb are de�ned by

a0 =
! 2

a

1 +
p

2 � ! a + ! 2
a
, (2.6)

a1 = 2 � a0, (2.7)
a2 = a0, (2.8)

b1 =
� 2 � (! 2

a � 1)
1 +

p
2 � ! a + ! 2

a
, and (2.9)

b2 =
� 1 +

p
2 � ! a + ! 2

a

1 +
p

2 � ! a + ! 2
a

. (2.10)

Within the coef�cients, the angular cut-off-frequencies are being de�ned as

! a = tan ( ! d �
T
2

), and (2.11)

! d = 2 � � N � 2:0775, (2.12)

with N indicating the �lter class.

The standards SAE J211 and ISO 6487 from International Organization for Standardization
(2015) both de�ne the �lter that only diverge in equation 2.12. While SAE uses the fac-
tor 2.0775, the ISO suggests1.25=0.6, where0.6transforms the1 dBcut-off frequency to�3 dB .
The 1.25 scales the single �lter to1.5 dB, resulting in3 dB in total after the forward- and
backward-passes.

Typical values forN are60, 180, 600 and 1000. The �lter class to be used is de�ned in the
respective testing protocol. By convention, the �lter class is denoted by indicating CFC in
combination withN like CFC 60.

An implementation of the �lter can be found in the code base of Plaschkies (2024a). The
PYTHON script was obfuscated. Obfuscation allows the distribution of a script in a binary, not
human-readable format.

Objective Signal Comparison by ISO 18571

The procedure de�ned by International Organization for Standardization (2014) as ISO 18571
describes a methodology for validation metrics and the calculation of the correlation of two
bijective signals. The standard is the successor of the CORrelation and Analysis (CORA) and
Enhanced Error Assessment of Response Time Histories (EEARTH) ratings. At the time of this
thesis, an update of ISO 18571 was about to be released. However, the following explanations
relate to the version of 2014.
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A free usable implementation of the method is CORAplus by Thunert (2017). The distribution
comes with detailed explanations of the methodology. Open source is implementation by Graz
University of Technology (2023) on OpenVT. Proprietary implementations can be found in
most test evaluation and post-processing tools like Meta from Beta and Animator from GNS.

The calculated ISO-rating reports on a sliding scale with de�ned meaning, as displayed in
table 2.3. The ISO-rating take values from0 to 1, where1 is the best. Values smaller than
0.5are considered not interpretable. One signal is called the reference, the other the test. The
ISO-grade translates the ISO-rating into Excellent, Good, Fair and Poor.

Table 2.3: Sliding Scale of the Overall ISO-rating, adapted from ISO 18571 (2014)

ISO-rating Range Grade Description

0.94 < ISO-rating � 1.00 Excellent Almost perfect characteristics of the reference signal is cap-
tured

0.80 < ISO-rating � 0.94 Good Reasonably good characteristics of the reference signal is
captured, but there are noticeable di�erences between both
signals

0.58 < ISO-rating � 0.80 Fair Basic characteristics of the reference signal are captured,
but there are signi�cant di�erences between the two signals

0.00 < ISO-rating � 0.58 Poor Almost no correlation between the two signals

TheISO-rating is composed of four sub-ratings: corridor, phase, magnitude, and slope. The
weighted arithmetic mean of the sub-rating form the ISO-rating. For processing, the starting
time of both signals must be the same. The rating was calibrated for a10 kHzsampling rate
of the signals. To avoid artefacts, the signal �lter strategy is important. The evaluated time
interval should be limited to the relevant validation time window.

For thecorridor-sub-rating , an inner and outer corridor is formed. The width of the corridors
is constant and calculated from the maximum absolute value of the reference signal in the
evaluated time interval. Each timestep of the test signal, is rated with1 if within the inner
corridor,0 if outside the outer corridor, or interpolated between0 and1 if in the outer corridor.
The arithmetic mean of all timestep ratings form the corridor-rating.

To calculate thephase-sub-rating, the test signal is shifted in time, until the maximum cross-
correlation between both signals is reached. From the shifted time delta, the phase-rating is
derived. The shifted, and truncated signal is used to calculate the last two sub-ratings.

Dynamic Time Warping (DTW) is used to calculate themagnitude-sub-rating. For dynamic
time warping, the Euclidean distances of all timestep values of one signal to all timestep values
of the other signal are calculated as the �rst step. In the resulting distance matrix, the upper-left
corner corresponds to the start of both time signals and the lower-right corner corresponds to
both ends. The objective is now to �nd the most cost-ef�cient path � the so-called warping path
� from the upper-left to the lower-right corner, where a step’s cost is the distance value of the
respective �eld. The normalized length of the warping path is translated into the magnitude-sub-
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rating. The dynamic time warping approach can be interpreted as a dynamic local time-scaling
of signals to match their patterns.

Ultimately, theslope-sub-ratingevaluates the differences in slopes between the two signals
within 10 timesteps of the10 kHz sampling rate. The average over the individual slope
differences leads to the sub-rating.

For simple integration and fast computation for the presented research, the author implemented
the procedure inPYTHON. In addition toNUMPY from Harris et al. (2020) andSCIPY by
Virtanen et al. (2020), the packageDTWALIGN from Suzuki (2022) was used. To validate the
implementation and compare it to others, the digital attachment of ISO 18571 was used. In
the ISO 18571, reference signals are provided for4 accelerations,2 angular displacements,
2 displacements,3 forces, and3 moments with3 test cases each. For table 2.4 the ratings for
the in total42cases were calculated and subtracted from the ratings given in the ISO 18571.
The displayed values are the average over the cases of absolute differences, forming the Mean
Absolute Error (MAE) (see section 2.2, equation 2.44 on page 44).

Table 2.4: Mean Absolute Error of Different Implementations to ISO 18571 Reference

Rating CoraPlus OpenVT Own

ISO-rating 0.009 0.009 0.009
Corridor 0.000 0.001 0.001

Phase 0.019 0.018 0.021
Magnitude 0.006 0.008 0.006

Slope 0.023 0.023 0.019

For all evaluated implementations, there was an unusual deviation from the reference for the
phase-sub-score of the signal called �Moment 2 � CAE1�. This signal is one of the provided
examples for a torque signal. Cross-checking the value with the pre-released 2024 version of the
standard, resulted in correcting the reference value of 2014 from0.000 to 0.497. The new value
was in accordance with the evaluated implementations. After corrections, all implementations
are in good agreement with the reference. The adjustment is already considered in table 2.4. In
tendency, the MAE of phase- and slope-ratings were observed higher while not contributing
with 40 %to the total rating. Furthermore, higher MAEs were observed for reference rating
lower than 0.5.

An implementation of the ISO-rating can be found in the code base of Plaschkies (2024a). The
PYTHON script was obfuscated.

Naming Conventions by ISO 13499

ISO 13499 from International Organization for Standardization (2019) describes the con-
ventions for data exchange in the context of vehicle crash testing. The standard features a
folder structure to store meta- and sensor-data, �le formats, and naming conventions, so-called
ISO-codes.
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In this work, the conventions of naming sensor signals, the so-called channel codes, are relevant.
A channel code is16characters long and composed of a sequence of codes with �xed length
and speci�c order, de�ning the test object, position, main location, �ne locations, physical
dimension, direction, and �lter class. The �ne location three was extended by two characters to
specify the occupant’s percentile as. The full convention as used in this work is presented in
table 2.5.

Table 2.5: ISO MME De�nitions as Used in this Study

Position Example Meaning Options (Examples)

1 0 Test Object 0 � None

2 3 Position 1 � Driver
3 � Passenger

3 T

Main Location

HEAD� Head
NECK� Neck
CHST� Chest
PELV� Pelvis
FEMR� Femur
TIBI � Tibia

4 I
5 B

6 I

7 U
Fine Location 1

UP� Upper
LO� Lower
00 � None8 P

9 L
Fine Location 2

LE � Left
RI � Right
00 � None10 E

11 H

Fine Location 3

VH00� Vehicle
H350� HIII-50M
VH50� VHUM-50M
TH50� THOR-50M
OCCU� Occupant

12 3
13 5
14 0

15 F

Physical Dimension

DS� Displacement / De�ection in [mm]
VE� Velocity in [m s =1]
AC� Acceleration in [ g]
FO� Force in [kN]
MO� Moment / Torque in [N m]

16 O

17 Z Direction X � X-Direction
Y � Y-Direction
Z � Z-Direction
R � Resultant-Direction

18 D Filter Class X � None
A � CFC 1000
B � CFC 600
C � CFC 180
D � CFC 60
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2.1.5.2 Requirements by Legislatives and Consumer Organizations

Overview

The development process in automotive passive safety is determined by ful�lling mandatory
requirements in the vehicle approval procedures. For the European market, the type-approval
and third-party certi�cation procedure required by European and national legislatives, mostly
refers to the regulations of the United Nations Economic Commission for Europe (UNECE).
Although the UN regulations as such are not binding, they become mandatory once rati�ed
on the national or EU level. In comparison, mainly for the US-American market, the require-
ments for self-certi�cation are de�ned by the National Highway Traf�c Safety Administration
(NHTSA) in the FMVSS.

Consumer or insurance-oriented testing organizations such as the Euro NCAP signi�cantly
in�uence vehicle development requirements. Those organizations are de�ning test cases and
rating criteria to motivate the manufacturers to develop safer vehicles. The results of those
frameworks do not compromise the legal approval status of a vehicle. However, the market
in�uence is high. Not being approval-relevant enables being the driver for new requirements
aiming to increase the safety in mobility.

The passive safety assessment methods of the legislative entities and consumer testing organiza-
tions mentioned above are based on physical experiments, especially crash tests. An exception
is the assessment of pedestrian safety by Euro NCAP through virtual testing de�ned by Euro
NCAP (2023e). A HBM can, after its certi�cation as described by Euro NCAP (2023d), be used
to assess pedestrian safety. As by Euro NCAP (2022), it is planned to extend this procedure to
other domains. However, as by the author’s impression from discussions with industry experts,
the real utilization of such approaches seems to remain limited.

Next to the potential cost reduction during the development, the new crash scenarios resulting
from Advanced Driver Assistance Systems (ADAS) related actions are considered driver
for virtual assessment activities. Larsson et al. (2019) analysed the impact of lane-change
manoeuvre in the pre-crash phase. The manoeuvre can change the occupant’s nominal sitting
position. The assessment of passive safety with a manoeuvre-dependent initial position of the
occupant in the crash phase leads to a drastically increased parameter space. Furthermore, the
previously discussed potential new sitting positions and activities in the context of automated
driving functionalities (see page 9) will add to the parameter space. The acceptance of virtual
methods can help to make the testing within such a parameter space feasible.

Evaluated are sensor outputs and pre-de�ned behavioural characteristics before and during the
crash. The evaluation of sensor output is summarized above for human surrogates. An overview
of the criteria used is provided bySafety Companion(2024) and an in-depth discussion
by Schmitt et al. (2019). Not directly sensor-related criteria are e. g. the airbag slap and
submarining. The airbag slap evaluates whether the airbag front interacts with the occupant
while unfolding. A very high relative velocity can cause injuries to the face. Submarining
describes the loss of coupling between the lap seatbelt and the pelvis. This effect leads to less
restraint and can in�uence the abdomen region by extensive compression.
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Other criteria include the intrusions into the passenger compartment and the leakage of fuel
or electrolytes. Furthermore, the accessibility of a crashed vehicle for �rst responders and the
availability such as rescue sheets are incentivised.

Selected Injury Criteria

In the Technical Bulletin number 21 from Euro NCAP (2023b), the Euro NCAP relevant data
formats and injury-criteria are de�ned. Then, the criteria for the adult occupants in the �rst
seat row for the HIII ATD limited to Hybrid III 5th Percentile Female Dummy (HIII-05F)
and HIII-50M percentiles shared criteria. The Technical Bulletin requires the naming and
�le structure conventions according to ISO 13499. For �ltering the signals of each sensor, a
speci�c CFC is prescribed. The CFC method implies a sampling rate of at least10 kHzfor the
D timesteps. An implementation of the injury-criteria calculation can be found in the code base
of Plaschkies (2024a).

For the head acceleration related criteria, the resultant acceleration

Head��UR;t =
r

Head��U2
X;t + Head��U2

Y;t + Head��U2
Z;t (2.13)

is used. For the directional acceleration signalsHead�U 2 R4�D , the �ltering by CFC1000is
prescribed to be applied on the X-, Y-, and Z-components �rst. The unit of acceleration is [g].
TheHead Acceleration over 3 ms Criterion (HAC3) in [g] is de�ned by

HAC3 = max
t=[ t1 ;t 2 ]

�
Head��UR;t

�
; with t2 � t1 = 3 ms, (2.14)

as an exceeded level of the resultant head acceleration within the time window of3 ms. The
Head Injury Criterion for up to 15 ms (HIC 15) in the form of

HIC15 = max
t2 � t1 � 15ms

8
><

>:
(t2 � t1) �

2

4 T
2 � (t2 � t1)

�
t2 � 1X

t= t1

�
Head��UR;t + Head��UR;t +1

� 3

5
2:5

9
>=

>;
, (2.15)

usually treated as dimensionless, but actually has the unit [sg2.5]. It is computed as the
maximum value for all possible time intervals in [s] betweent1 andt2, with any span up to
15 ms. The time-integral for the discrete signal is resolved using the trapezoidal-rule with a
constant sampling intervalT .

TheNeck Extension Moment Criterion (NEC) in [N m] is calculated by

NEC =
����min

t

n
Upper Neck �M Y;t

o���� , (2.16)

theNeck Tension Force Criterion (NTC) in [kN] by

NTC = max
t

n
Upper Neck�F Z;t

o
, (2.17)
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and theNeck Shear Force Criterion (NSC)in [kN] by

NSC= max
t

n
Upper Neck�F X;t

o
. (2.18)

The raw signals of the torqueUpper NeckM 2 R4�D and the forceUpper NeckF 2 R4�D must be
�ltered by CFC600and measured at the ATD upper neck bracket. Positive shear force indicates
a head-rearwards motion, and positive axial force indicates a tensile force in the neck.

TheChest De�ection Criterion (CDC) in [mm] is calculated by

CDC = max
t

n
Chest�D X;t

o
, (2.19)

using the CFC180chest de�ection. For the HIII family, the chest de�ection is not measured
directly as a translation. Instead, a cantilever connects the spine box with the sternum plate.
The relative motion of the sternum to the spine is recorded as an angle� in [rad]. By applying a
ATD speci�c linearization factor, the angle can be translated into the de�ection. In the manual
for the HIII FE-models from Guha et al. (2011), linearization factors

ChestD X;t = � (t) �

8
>><

>>:

96 mm rad� 1 for HIII-05F
145 mm rad� 1 for HIII-50M
158 mm rad� 1 for HIII-95M

(2.20)

were de�ned.

TheChest Viscous Criterion (CVC) in [m s�1 ] is calculated by

CVC = 1 :3 � max
t

�
Chest�_D X;t � Chest��D X;t

�
, (2.21)

using an element-wise product whereChest _D is the chest de�ection velocity andChest�D the
normalized chest de�ection. The scaling factor is de�ned for the HIII family with 1.3.

The chest compression velocity is the derivative of the chest de�ection and calculated from the
padded discrete signal using a 5-point-stencil, de�ned as

Chest�_D X;t =
8

h
Chest�D X;t +1 � Chest�D X;t � 1

i
�

h
Chest�D X;t +2 � Chest�D X;t � 2

i

12 � T
, (2.22)

The normalized chest de�ection is de�ned by

Chest��D X;t = Chest�D X;t �

8
>><

>>:

0:187� 1 for HIII-05F
0:229� 1 for HIII-50M
0:254� 1 for HIII-95M

. (2.23)

The normalization value is speci�ed for HIII-05F and HIII-50M by Euro NCAP. Additionally,
the value for the Hybrid III 95th Percentile Male Dummy (HIII-95M) was provided by Mertz
(2002).
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Ultimately, theFemur Compression Force Criterion (FCC) in [kN] is calculated by

FCC = max
� ����min

t

n
Left FemurF Z;t

o���� ;
����min

t

n
Right FemurF Z;t

o����

�
(2.24)

from the left and right femur axial forces by CFC 600 �ltered.

In table 2.6, the key values for the above outlined injury-criteria are displayed. The thresholds
are de�ned by Euro NCAP (2023a) in the assessment protocol for adult occupant protection. A
criterion is graded with 4 points if its value is less than the given threshold. The grade 0 point
is given if the value exceeds the respective threshold. For values in between both thresholds,
the points are interpolated.

The 0 point threshold for HIII-95M in table 2.6 is an extrapolation from the HIII-05F and
HIII-50M ATDs, assuming equal distance between them and the HIII-95M. This approach has
no connection to biomechanical limits, and hence its purpose can be orientation alone.

Table 2.6: Injury Limits by Euro NCAP for Frontal Impact Crash Scenarios

HIII-05F HIII-50M HIII-95M
Unit 4 Points 0 Points 4 Points 0 Points 0 Points (Extrapolated)

Head
HIC15 500 700 500 700 700
HAC3 g 72 80 72 80 80

Neck
NEC N m 36 49 42 57 65
NTC kN 1.7 2.62 2.7 3.3 3.98
NSC kN 1.2 1.95 1.9 3.1 4.25

Chest
CDC mm 18 34 22 42 50

CVC m s=1 0.5 1.0 0.5 1.0 1.0

Femur FCC kN 2.6 6.2 3.8 9.07 11.9

Crash Severity Estimation

The crash severity is ultimately re�ected as the occupant’s injury severity, as de�ned above.
However, the assessment using human surrogates can be costly and time-consuming. Further-
more, the complex interaction of surrogate, interior, and restraint system can obfuscate the
relevant mechanism in e. g.the vehicle deformation. Consequently, other indicators for the
crash severity were developed. A comprehensive overview is presented by Schöneburg (2023).

From a physical perspective, a crash is a collision in which the kinetic energy is partially
transformed and dissipated by deformation and heat and partially conserved in the form of a
rebound motion. Simple indicators are the change of velocity representing the total energy and
the maximum or average acceleration at a sensor point in the vehicle during a de�ned time
window.

Another approach � the Ride-Down-Effect (RDE) � evaluates the crumble zone of the vehicle
by calculating the remaining deformation zone of the vehicle at the moment of a coupled
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occupant in relation to the total possible deformation length. �Coupled� related to the moment,
where the seatbelt slack is removed and the restraint system active.

The Occupant Load Criterion (OLC) in [g] idealizes the occupant’s forward displacement
during the crash in relation to the X-velocityVehicle _UX;t of the vehicle. Two phases are de�ned
for the occupant: (1) the free motion phase betweent0 andt1, described by

Occ. Rel., FreeUX;t =
T
2

�
t1 � 1X

t= t0

�
Vehicle _UX;t + Vehicle _UX;t +1

�
� Vehicle _UX;t 0 � [t1 � t0]. (2.25)

And (2) the restrained phase fromt1 to t2, as de�ned by

Occ. Rel., Restr.UX;t =
T
2

�
t2 � 1X

t= t1

�
Vehicle _UX;t + Vehicle _UX;t +1

�
� Vehicle _UX;t 2 � [t2 � t1]. (2.26)

Until the restraint system is in force, an occupant moves relative to the vehicle constantly with
its initial X-velocity. The duration of this phase results mainly from the time passed until the
crash was detected, leading to the activation of the restraint systems and on the initial seatbelt
slack. The OLC, as de�ned by

OLC =
Vehicle _UX;t 2 � Vehicle _UX;t 1

t2 � t1
, (2.27)

evaluates the average acceleration, an occupant will experience, if the remaining space is used
to achieve the condition of equal X-velocity of vehicle and occupant att2.

In the literature and test procedures as de�ned e. g. by Euro NCAP (2023c), the free motion
phase is �xed to the value of65 mmand for restrained phase, a value of235 mmwas de�ned.
The timet0 equals the beginning of the crash-phase. The equations 2.25 and 2.26 must be
solved iteratively to calculatet1 andt2. Typically, the trapezoidal rule is used to integrate the
discrete signal of the X-velocity. An implementation of the algorithm forPYTHON can be
found in the code base by Plaschkies (2024a).

Kübler et al. (2009) considered the OLC not being a suf�cient predictor of the injuries of the
occupant. Nevertheless, the criterion is commonly used as an estimate for the severity of a
vehicle-pulse when, for example, comparing the con�gurations of the same vehicle. Another
application is the compatibility rating by Euro NCAP (2023c).

Motivated to �nd better estimates for the injury severity, Kübler et al. (2009) proposed the
OLC++ still using the vehicle-pulse alone, and Rabus et al. (2022) the Real Occupant Load
Criterion for Prediction (ROLCp) taking additional restraint system properties into account.
Furthermore, Schneider (2023) developed a universal con�gurable spring-damper model for the
approximation of vehicle-pulses with the motivation to approximate the airbags’ deployment
times.
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2.2 Machine Learning

2.2.1 Machine Learning Algorithms � Supervised Learning

2.2.1.1 Introduction

Machine learning uses statistical data and trainable algorithms to generate predictions. The
domain is often categorized in supervised, unsupervised, semi-supervised, and reinforced
learning. The algorithms are parametrized, and the parameters are optimized to ful�l a particular
objective.

In supervised learning, the parameters are optimized to �t an input to a known output as ground
truth during the training phase. Unsupervised learning attempts to recognize patterns like
clusters in the data. In semi-supervised learning, the known pairs of input and output are used
to identify correlations, on which basis additional data is generated. In reinforcement learning,
actions and outcomes are typically de�ned. By formulating reward functions, the algorithm is
optimized to a maximum reward while performing actions.

As described in the introduction section, this work utilized supervised learning methods. In this
domain, a functionf maps an inputX to an outputY as denoted by

Y = f (X ). (2.28)

On the input side of a metamodel, there can be structured or unstructured data. Structured
data are also called tabular data or attributes, since the data can be represented in a plain table
or 2D-matrixX assembled from individual feature attributes� . Each column represents an
attribute� from the feature attribute spaceF with the number of instancesF and each row an
instance&from the datasetS with the number of instancesS. Values in the raw data can be
either numerical or a character string. Possible scales for numerical values are nominal, ordinal,
interval, and ratio. The type of scale must be considered when selecting an appropriate learning
algorithm. Since the algorithms are working in a numerical space, strings must be converted,
leading to

X 2 RS�F and� 2 RS with X&;� = � � &. (2.29)
One-hot-encoding is one approach to map a string to multiple feature attributes using zeros and
ones to indicate to which class it belongs, leading to the number spaceZ instead ofR for those
particular attributes.

In principle, the targets of a prediction model can be all type of data, like the input. Conse-
quently, for targets attributesY , assembled from individual attributes� , the de�nition

Y 2

8
<

:
RS�T Regression
ZS�T Classi�cation

, and� 2

8
<

:
RS Regression
ZS Classi�cation

, withY&;� = � � &, (2.30)

with attributes� in target spaceT holds true.

There is a fundamental differentiation between regression and classi�cation tasks. For classi�-
cation, one or more classes are formed. The prediction task is to estimate which class a sample
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belongs to. If only one class exists, the task is called binary classi�cation, where all samples
belong to a class. For a single attribute, the instances belonging to the class can be denoted as
+ � and the ones not belonging to the class as� � . In the case of regression, the target values
are continuous.

Examples of unstructured data are pictures, audio signals, and text. The unstructured data is
mathematically represented by adding more axes toX . The common assumption of structured
data is the independence of the attributes from each other. Hence, each of the attributes should
contain a unique piece of information and the neighbourhood of two attributes carries no
meaning. For unstructured data, this is not the case. For example, in pictures, the location of
each pixel is normally relevant. Hence, for each data type, speci�c algorithms were developed
to extract the information � feature attributes � from the unstructured state. Those algorithms
are either �xed data transformers or can contain learnable parameters. Data like related audio
signals are called multivariate time-series.

2.2.1.2 Basic Supervised Learning Strategy

The input matrixX is composed ofF feature attributes inF with index � for a setS of
instances with index&and the sizeS. The prediction as output matrixY is composed ofT
target attributes inT with index � for the same set of instances. As an example,

� &;� =
FX

� =1
� �;� � X&;� + � F +1 ;� , (2.31)

describes the prediction of a single instance of one target attribute by linear regression, with the
weights and bias� being the learnable parameters.

During the training and evaluation phase, the ground truthY must be available. The metamodel
makes predictionŝY , which are compared by the loss-functionL with the ground truth. A
typical loss-function for regression problems is the squared error

Squared ErrorL &;� = ( Ŷ&;� � Y &;�)2. (2.32)

The cost-functionc is the statistical evaluation of the loss-function over all instances, like

c� =
1
S

SX

&=1
L &;� , (2.33)

by calculating of the average of the loss-functions from a set of instances with the sizeS.

If the loss-function is additionally extended by regularization terms, the function is called the
objective-function| . The regularization term, is added to the optimizing algorithm, punishing
too adaptive behaviour. For example, in linear regression with regularization term � so-called
ridge regression � the regularization term sums up the parameters� leading to

| � = c� + �
FX

� =1
� 2

�;� . (2.34)
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The hyperparameter� is used to weight the regularization term in the objective-function.
Alternatively, the objective-function in the form

| � = c� + �
FX

� =1
j� �;� j (2.35)

is used, too. Linear regression with the absolute value of the parameters in the regularization
term is called lasso regression. The regularization term of equation 2.35 is also referred to as
L1 regularization term, and the term of equation 2.34 on the preceding page as L2 regularization
term.

Since the optimizer attempts to minimize the objective-function, this additional term prevents
single parameters values from becoming relatively high during the �tting process. An overly
high single parameters values weights the related input higher; hence, over�tting (see page 42)
can occur. The parameters of the algorithm are iteratively adjusted by the optimizer to optimize
the objective-function. The direction of the optimization is determined by the chosen loss-
function. Variables that are not adjusted by the optimizer are called hyperparameter.

2.2.2 Data-serialization Formats
When deciding how to store data persistently, a massive number of data-serialization formats
are available; the Wikipedia Contributors (2024) alone lists37distinct formats. In this place,
the relevant formats for this work should be discussed with a special focus on the speci�cs
regarding the programming language PYTHON by the Python Software Foundation (2024).

To understand the persistent data-serialization formats, a short digression on temporary formats
in PYTHON seems apt. First, everything inPYTHON are objects, where objects under the hood
are referenced by identi�ers. There are mutable and immutable objects. An immutable object
will change its reference identi�er when changed, while a mutable object allows changes under
the same reference identi�er. Examples of immutable objects are integers, �oats, strings as a
chain of characters, and tuples as a chain of mutable or immutable objects. Mutable objects are,
for example, lists as a chain of objects with a speci�c order, sets as collections of immutable
and unique objects with no speci�c order. Further, dictionaries as collections of key-value-pairs
with no speci�c order made of an immutable and unique object as a key and an object as the
corresponding value. The uniqueness of an object is determined by generating its hash. A hash
is the output of a deterministic function that converts an arbitrary object into a �xed value of
size.

Next to the above explained native object types, there are manifold libraries leveraging concepts
from other programming languages, such asC andC++. The libraryNUMPY by Harris et al.
(2020) introduces so-called arrays using theC style pre-allocation of temporary memory. The
pre-allocation allows for rapid vectorized operation on the Central Processing Unit (CPU).
Other libraries likeTENSORFLOW from the TensorFlow Developers (2024) use a similar
format. The widely used libraryPANDAS from the Pandas Development Team (2024) adds
column and row properties of an array, enabling the �ltering and manipulation of data. Finally,
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PYARROW from the Apache Software Foundation (2024) provides access to the Apache Arrow
Framework. In this framework, data is stored in blocks in combination with a central header,
allowing distributed storage and parallelized access to the data. In contrast, to access an
object within any iterable, either its exact location must be known or it must be compared to a
condition. The comparing-iteration can be sped up by sorting the object, e. g. by their hash-
values. Nevertheless, for stacked formats, each stack-level must be iterated over sequentially.
For example, each column must be checked against a condition �rst, to allow subsequently the
access of the row. The libraryPOLARS by Vink et al. (2024) offers similar toPANDAS data
handling strategies but leverages the advantages of the Apache Arrow Framework such as the
parallel access of data blocks.

The data generated for this work originate from Livermore Software technology corporation
DYNA (LS-DYNA) and Virtual Performance Solution (ESI) (VPS). As described in section 2.1
on page 18 ff, LS-DYNA generates �les in a structured binary format, which can be parsed
e. g. by the libraryLASSO-PYTHON. The library was released by Lasso GmbH (2022) and is
maintained by the community. The data from VPS in section 3.3 on page 121 ff was provided
using the ERF-HDF5, which is based on the Hierarchical Data Format (HDF) framework
and can be parsed usingH5PY from Collette et al. (2023). Although such formats are well
suited to store the results of FE-simulations, they do not provide any database functionality.
Consequently, they have to be parsed into one of thePYTHON internal formats for further use.

Each of the above-described temporary data formats has a more or less direct equivalent to a
persistent format. Binary formats often consume less storage and are accessed faster from the
persistent storage than human-readable formats. An example of human-readable formats is
CSV (Comma Separated Values). This �le type corresponds directly to thePANDAS tables.
Another example is theJSON format, which contains programming language-agnostic formats
of basic structures such as lists and dictionaries.

An example of binary �les is the pickle format, which provides a method to serialize any kind
of object.NUMPY arrays can be stored by a similar method. The Apache Arrow framework
de�nes thePARQUET format. In table 2.7 on the following page, the data access time and
storage size for the discussed formats are compared. A1000 × 1000matrix of random �oats
was generated and converted to the respectivePYTHON internal structures. Next, each object
was stored three times on the hard drive and read again. The presented values are the arithmetic
mean and can only be evaluated relative to each other, since the measures highly depend
on the hardware used. All three binary formates perform similarly. The higher overhead of
the PARQUET format leads to a slightly higher cost. However, its scalability, parallelized
�lter operations, local read access, and compression functionalities would change the result
drastically. It should be noted that internal data conversion in combination with some data can
neglect the effect of a particular format in a way that even aCSV �le processing is ultimately
faster than using PARQUET.
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Table 2.7: Read and Write Times Comparison for Data-serialization Formats for a
1000 × 1000 Data-matrix

Format Time Read [s] Time Write [s] Size [GB]

Numpy 0.27 0.39 0.75
Pickle 0.28 0.42 0.75

Parquet 0.60 7.62 0.91
Csv 17.16 84.46 1.79

Json 22.91 14.25 1.84

As stated above, there are manifold data-serialization formats. For this work, the described ones
were relevant. TheJSON was selected for clear human readability, especially for dictionary-like
objects. TheCSV was preferred for numerical data in tabular form with a low number of rows
and columns, again because of the clear human readability. The selection of binary formats was
motivated by the ease of use withinPYTHON and its performance. General objects were stored
usingPICKLE . ThePARQUET format was used in combination withPYARROW or PANDAS
due to the superior �ltered reading capabilities and the extensive toolbox for data manipulation.

2.2.3 Performance Assessment

2.2.3.1 Generalization Assessment � Over- and Under�tting

Above, on page 39 ff, loss-functions, cost-functions, and objective-functions were introduced
as global training metric-functions. For model selection and evaluation, an evaluation metric-
functionM is used. This metric-function can have the same de�nition as the cost-function.
However, since this metric-function has no requirement regarding computational ef�ciency and
convergence behaviour, other functions can be used too. A simple example forM is

M =
1
T

�
TX

� =1
| � , (2.36)

as the arithmetic mean of the normalized objective-functions.

Next to an as exact match as possible betweenY andŶ , the generalization performance of the
algorithm is crucial. In this context, two basic extreme behaviours have to be balanced. In the
�rst case, the model possesses a high variance; this condition is called over�tting. In the other
case, the model has a high bias, also known as under�tting the data. High variance of a model
is understood as the �exibility or degree of freedom the model has to adapt to the data. The
biases are assumptions about the data and hence limited degrees of freedom impeding a precise
modelling. The over�tting and under�tting can be evaluated by splitting the available data with
existing ground truth. The �rst setI S, so-called the training-set, is used to train the model. The
second set of instancesBS, the validation-set, is hold-out during the training and is passed as
unseen data through the �tted algorithm. When the metric-functionsI M andBM are assessed,
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and assuming a de�nition of a metric-function reporting in the interval, the de�nition

[0; 1] = fM 2 R j 0 � M � 1g where 1 is best, (2.37)

would lead to the assessment of

I M � 1 ! Under�tting / High Bias, and (2.38)
I M � BM ! Over�tting / High Variance. (2.39)

Over�tting can be countered by adding more instances to the training-sets, the selection of less
and better features, and higher weighted regularization term. Under�tting can be fought by
choosing an algorithm of higher complexity, the addition of more features, and the reduction of
regularization term weight.

2.2.3.2 Performance Metric-functions

The performance assessment of a metamodel is a statistical evaluation. Not the correctness of
a single prediction is relevant, but the overall performance on a larger set of instances. The
selection of an appropriate metric-function depends on the data type of the target and on the
objectives of the project.

Powers (2011) discussed established metric-functions for the binary and general classi�cation
cases. By weighting classes, skew data distributions can be treated or preferences from the
work’s objectives implemented. Many metric-functions are based on aConfusion Matrix as
de�ned in table 2.8, evaluating the absolute frequencyH of correctly or wrongly classi�ed
instances in relation to the ground truth.

Table 2.8: Confusion Matrix for Single Attribute Binary Classi�cation

Prediction
Positives Negatives

Ground Truth
Positives True Positives H (+ �̂ \ + � ) False Negatives H ( � �̂ \ + � )
Negatives False Positives H (+ �̂ \ � � ) True Negatives H ( � �̂ \ � � )

Recallor sensitivity is de�ned by

Recall=
H (+ �̂ \ + � )

H (+ �̂ )
2 R = [0 ; 1]. (2.40)

Thus, recall evaluates only how many of the predicted class belongings are correct. In contrast,
Precisionor con�dence evaluates according to

Precision=
H (+ �̂ \ + � )

H (� �̂ )
2 R = [0 ; 1], (2.41)

how many of the class belongings in the dataset were classi�ed correctly.
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Finally,

Speci�city =
H (� �̂ \ � � )

H (� �̂ )
2 R = [0 ; 1] (2.42)

describes theSpeci�city of a model. Speci�city evaluates only the correctness of samples, not
belonging to a class.

The three metric-functions shown evaluate only a speci�c aspect of a binary classi�cation. A
combined metric-function like

F1-score=
2 � Precision� Recall
Precision+ Recall

2 R = [0 ; 1] (2.43)

can be de�ned as the harmonic mean of recall and precision, and is called theF1-score. In
the case of skewed data distributions, such as many more positive cases than negative cases,
rates instead of counts are used. Usually, the metric-functions are then named differently. For
example, the accuracy will be called the Cohen’s Kappa.

For the multi-class case, two major strategies are used: one-vs-one and one-vs-rest. Both
split the non-binary classes into a binary situation. In the one-vs-one strategy, the positive /
negative situation is achieved by assigning a pair of classes. In the one-vs-rest strategy, one
class is used as a positive, and all other classes form the negatives. The resulting scores are
averaged per class. The macro average is de�ned as a simple average over all class scores.
The micro average, on the other hand, uses the number of samples for the calculation. Hence,
class imbalance is considered. Another way to achieve this would be to weigh each class by its
occurrence and calculate the weighted average. Additionally, the metric-functions are de�ned
for the single attribute case; condensing the individual values for each attribute can be done
analogous equation 2.36 on page 42.

Typical examples for metric-functions used to evaluate regression tasks areMean Absolute
Error (MAE)

MAE =
1
S

�
SX

&=1
j� & � �̂ &j 2 R = [0 ; + 1 ), (2.44)

Mean Squared Error (MSE),

MSE =
1
S

�
SX

&=1
(� & � �̂ &)2 2 R = [0 ; + 1 ), and (2.45)

Root Mean Squared Error (RMSE)

RMSE=

vuut 1
S

�
SX

&=1
(� & � �̂ &)2 2 R = [0 ; + 1 ). (2.46)

For all three metric-functions,0 would be a perfect score. Again, the metric-functions were
de�ned for the single attribute case; condensing can be done similar as above.
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Another typical metric-function is theR2-score

R2-score= 1 �
P S

&=1 (� & � �̂ &)2

P S
&=1 (� & � �� )2 2 R = ( �1 ; 1]. (2.47)

The reference is the prediction of the arithmetic mean of the ground truth. This score ranges
from minus in�nity to plus one. One would be a perfect score, and zero indicates a random
prediction near the arithmetic mean of all seen target values. Scores lower than zero can be
interpreted as predictions that are worse than random.

All metric-functions evaluate the model’s performance statistically. The averages in the
regression metric-functions can be affected by outliers.

2.2.3.3 Standardized Evaluation � The Framework Approach

Performing a thorough evaluation is essential for reliable results. In terms of ensuring the
quality during development, a standardized process seemed appropriate. The author developed
a framework in the project arTIco, published by Plaschkies et al. (2024b), for a related task.
There, solving a multi-class problem with multivariate time-series data as input was part of the
project’s content. To ensure the comparability between the developed solutions of the project
partners, the author introduced the following framework, which was later adapted to be used
speci�cally for this work. The framework was designed to remain agnostic about the actual
machine learning library.

The framework was set up usingPYTHON. The central packages, not built-in, arePANDAS
andPOLARS for data handling,NUMPY for calculations, andSCIKIT -LEARN by Pedregosa
et al. (2011) for data splitting and metric-functions. For the variation of hyperparameters, the
OPTUNA framework from Akiba et al. (2019) was used.

The heart of the framework is the standardized and parametrized pipeline. The main devel-
opment section is the model module. Its inner structure is up to the researcher to design, the
interfaces to the evaluation �ow are �xed. The raw data is the input to the pipeline and is
transformed to be used in the model module. The model module’s output is evaluated. All
variables in the pipeline and the model module are referred to as hyperparameters. A set of
such hyperparameters together with the script version and execution date forms a trial.

Data splitting is the standard approach for assessing the over�tting tendency of a metamodel.
The framework uses a 5-fold cross-validation strategy, where the instances are shuf�ed and split
into �ve partitions. A metamodel is trained �ve times from scratch. Each time, one partition is
hold-out as validation-set and the remaining instances are used as training-set.

The performance in the training-set is reported as the arithmetic mean over the predictions
using the respective training-set. To report the generalization capabilities, all predictions on
the hold-out sets of each fold were concatenated. Using a bootstrapping approach, next to the
arithmetic mean, a con�dence interval was calculated.
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2.2.3.4 Multi Criterial Performance Evaluation

From the above explanations, the quality of a metamodel is assessed using statistical per-
formance metric-functions that evaluates the prediction in comparison to a ground truth. In
practise, more aspects such as the computational cost for the data generation and training
should be addressed, too. Plaschkies et al. (2023) proposed an approach utilizing Multi-Criteria
Decision Making (MCDM).

In MCDM, each set of hyperparameter settings (trial) is called an alternative. The alternatives
are compared and ranked against each other using prede�ned criteria. Plaschkies et al. (2023)
used the Preference Ranking Organization Method for Enrichment Evaluations (PROMETHEE),
as �rst described by Brans and Vincke (1985). Plaschkies et al. (2023) discussed the computa-
tional complexity of the original algorithm and the by Keyser and Peeters (1996) described
instability of the completely ordered list of alternatives. In the so-called reverse rank problem,
a new alternative can affect the order of other alternatives to each other, making it necessary to
evaluate with each new alternative the full set of alternatives. As a solution, the modi�cation of
the PROMETHEE algorithm proposed by Calders and Assche (2018) was presented.

Plaschkies et al. (2023) proposed a step-wise approach to de�ne the relevant criteria and
rank the alternatives. The authors proposed to consider aspects such as representativeness,
correlation, transparency, and the level of scales during the de�nition of the criteria. The
representativeness of the generated alternatives determines whether the criteria are correct and
meaningful and represent various aspects of the problem. Correlated criteria should be merged
to avoid unwanted higher weights on a speci�c aspect. Invariant criteria should be inspected if
the invariance is only due to the generated alternatives or meaningful to the overall problem. In
the �rst case, the criterion can remain and is dropped in the ladder. Criteria should be grouped
into meaningful categories to support a transparent rating scheme. It depends on the actual
use case to which category an aggregated criterium �ts. Another aspect of transparency is
the understandability of a criterium. A directly assessed criterium is more straightforward to
process and understand than one resulting from complex calculations. Ultimately, the reporting
scale of a criterion should be considered. Typically, nominal, ordinal, interval, and ratio scales
are used, where nominal has the lowest level, and ratio has the highest level. The lowest-level
scale of the ones used will determine which MCDM method can be utilised. Not all criteria
can be assessed on ratio scales. However, if possible, the higher-level scale always seems
preferable.

The overall method seemed promising if experts’ knowledge on key performance indicators is
available. In addition, it must be possible to translate such indicators into criteria and implement
those criteria in the evaluation framework.
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2.2.4 Examples of Supervised Learning Algorithms

2.2.4.1 Overview � A Systematics of Algorithms

The �eld of supervised learning is broad and ranges from a simple linear regression to complex
Arti�cial Neural Network (ANN). In �gure 2.9, examples are collected by Imam et al. (2024).
There are multiple ways of categorizing supervised learning algorithms. One way is the
differentiation between parametric and non-parametric models.

Machine
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Models

Nonparametric
Models

Regression ModelsRegression Models

Artificial Neural Networks

Bayesian

Bayesian

Linear Support Vector Machine
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Figure 2.9: Examples of Supervised Learning Algorithms (adapted from Imam et al., 2024)

Imam et al. (2024) described parametric techniques make assumptions on the functionf (X ),
which means that the �estimated function has a �nite set of parameters that are not affected
by new data. These parameters can be estimated by �tting the training data into the model�
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(page 3). In contrast, non-parametric techniques make no assumption aboutf (X ); �the number
of parameters to estimate is not �xed and often increases with additional data� (page 3).

Some methods are developed to work for a speci�c task type. For example, the simple linear
regression is for regression tasks and the logistic regression for classi�cation task. Both algo-
rithms require tabular data but have analytical determinable optima of their objective-function.
Other algorithms provide robustness against outliers in the training-set. In this category belong
the decision tree algorithms and the tree-based ensemble methods. Exceptional �exibility
regarding task and data is offered by the group of Arti�cial Neural Network (ANN). By adding
approaches from Bayesian statistics, the ANN can even be transformed from parametric to
non-parametric algorithms. In practise, multiple algorithms can be equal candidates for a
particular application. In the following, selected algorithms are brie�y introduced to illustrate
the core principles of machine learning.

The selection of the algorithm is often a trade-off between the required complexity and the
computational cost. Naturally, a linear regression requires signi�cantly less resources than a
complex ANN but can only cover linear relationships. Additionally, the explainability can be a
central factor. A decision tree can even be visualized, clearly documenting on which criteria a
class was assigned. In contrast, especially ANNs are barely interpretable.

2.2.4.2 Linear Regression and Logistic Regression

One of the simplest algorithms, the linear regression and its adaption to lasso and ridge
regression, was discussed above on page 39.

Logistic regression is used as one of the basic algorithms for classi�cation tasks. Instead of the
linear function (see equation 2.31 on page 39), the logistic function
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is used to model the class probability.

The logistic function can take values between0 and1. The usual threshold is0.5to assign a
positive class assignment to the prediction.

2.2.4.3 Support Vector Machines

Another group of algorithms is the Support Vector Machines (SVMs). The basic idea is to
divide the space de�ned by the feature attributes using hyperplanes. The algorithm evaluates the
distance of the instances to the hyperplane. The smallest distance of all instances to the plane
is called the margin. The optimizer tries to �nd a plane, maximizing this margin. Instances
exactly on this margin are called support vectors, as the algorithm basically ignores all other
points. The hyperplane is used as a decision boundary.
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The transition of SVM from classi�cation to regression can be achieved by evaluating subspaces.
The location of the hyperplane is now the regression output. Hence, the margin is now
minimized.

2.2.4.4 Gaussian Process Regression

The Gaussian Process Regression (GPR), also known as kriging, is a popular method in
probabilistic machine learning. An intuitive introduction to the methodology is provided by
Wang (2023). A problem is modelled using a multivariate normal distribution, de�ned by its
mean and covariance. All features and target attributes are assumed to be individually normal
distributed.

To generate single attribute estimatesB �̂ 2 RB S from new data, the covariance matricesK for
combinations of featuresI X 2 RI S�F from the training-set and featuresBX 2 RB S�F from
the prediction-set and the target attributesI � 2 RI S from the training-set are used as de�ned
by

B �̂ = K (I X ; BX ) � K (I X ; I X )� 1 � I � . (2.49)

Additionally, the related varianceB �̂ 2 2 RB S by

B �̂ 2 = diag
n
K (BX ; BX ) � K (I X ; BX ) � K (I X ; I X )� 1 � K (I X ; BX )T

o
(2.50)

as the main diagonal of the covariance of the target normal distribution. The variances depend
solely on the feature attribute vectors. TheB �̂ equals the means of the normal distribution
N&(B �̂ &; B �̂ 2

&).

The variance collapses toI �̂ 2 = 0 for instances from the training-set because in the basic
algorithm no noise is assumed.

The covariance matrixK is formed as exemplary, shown here:

K (I X ; BX ) =

2

664

� (I 1� ; B1� ) � � � � (I 1� ; BS� )
... ... ...

� (I S� ; B1� ) � � � � (I S� ; BS� )

3

775 2 R
I S� B S. (2.51)

Commonly used is the squared exponential kernel function, also known as Gaussian radial
basis function, is de�ned by

� (I &� ; B&� ) = � 1;� exp
 

�
jj I &� � B&� jj2

2 � � 2;�

!

2 R. (2.52)

The parameters� being the output variance and a length scale for each target attribute, where
a bigger� 1;� would allow the model a wider distribution around its mean, and� 2;� controls
the variability of the functions.

The adjustment of parameters by the optimizer updates the prior assumption on the data by the
posterior tuning to the actual data. The choice of the kernel function itself can be considered a
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hyperparameter. The optimizer attempts to maximize the log marginal likelihood

Optimal� = argmax
�

f logP (Y jX ; � )g (2.53)

as the probabilityP for Y givenX and� .

2.2.4.5 Tree Algorithms

Classi�cation and Regression Trees (CART) segment the dataset repeatedly to reach a classi�-
cation. Each split achieves to maximize e. g. the class purity of a set. The extension of decision
trees is the random forest and the boosted trees. Although, the bagging and boosting techniques
are theoretically not limited to a decision tree algorithm.

To form a random forest, multiple trees are trained in parallel; hence, they are classi�ed as
the ensemble method with bootstrap aggregation (bagging). Each tree gets a bagged set of
instances from the total dataset. Finally, the prediction from each tree will be averaged. In
bagging, instances are drawn from the total dataset uniformly and with replacement.

Boosted trees are trained sequentially. In the initial step, a single tree is trained on the whole
training-set. Next, the correctness of prediction for each instances in the training-set is evaluated.
In the subsequent steps, the loss-function is modi�ed in a way that the incorrectly predicted
instances are higher weighted. As the last step, all trained trees are used and their predictions
are averaged, weighted by their individual loss-function they achieved during training.

2.2.4.6 Arti�cial Neural Networks

Basics

The Arti�cial Neural Network (ANN) is a very �exible class of learning algorithms. A com-
prehensive collection of important techniques and algorithms was presented by Patterson and
Gibson (2017). Below, the key concepts used in this work are brie�y presented. Furthermore,
the book �Deep Learning� by Goodfellow et al. (2016) can be considered reference literature.

An ANN is composed of neurons organized in layers. A neuron is de�ned as a function that
maps the input values to an output. An input layer acts as the entry point for data, and an output
layer delivers the actual prediction. Layers between the in- and output layers are called deep
layers. The way of connecting the neurons and layers, the choice of the neurons’ formulation,
and the structure and size of the layers de�ne the architecture of an ANN. Furthermore,
mathematical operations such convolution and pooling can be performed within a network.
There are multiple basic topologies of ANNs like single layer or multilayer Feed Forward
Networks (FFNs) and Recurrent Neural Networks (RNNs).
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Layer Types and Activation Functions

One basic layer type is thedense layer, also called a fully connected layer. Here, one neuron�
of the layer receives the output%of the previous layer. The neuron transfer-function�

 ;� � =  � 1%�  ;� � +  ;� " , (2.54)

processes the input as linear combination with weights� and bias" .

The result� is fed into an activation function. This function must be continuously differentiable
and should introduce some non-linearity. One example isRecti�ed Linear Unit (ReLU)

 ; ReLU%� ( ;� �) = max(0 ;  ;� �) 2 R = [0 ; + 1 ). (2.55)

The evaluated activation function is the neuron output%. Another common activation function
is thehyperbolic tangent function (tanh)

 ; tanh%� ( ;� �) =
2

1 + exp (� 2 �  ;� �)
� 1 2 R = [ � 1; 1]. (2.56)

Theoutput layer for the single attribute case contains one single neuron. This output neuron
contains a simple pass through as thelinear activation function

 ; Linear%� ( ;� �) =  ;� � 2 R = ( �1 ; + 1 ) (2.57)

in the regression case. For binary classi�cation, thesigmoid activation function

 ; Sigmoid%� ( ;� �) =
1

1 + exp (�  ;� �)
2 R = [0 ; 1], and (2.58)

for multi-class classi�cation, thesoftmax activation function

 ; SoftMax%� ( ;� �) =
exp ( ;� �)

P
� exp ( ;� �)

2 R = [0 ; 1] (2.59)

is used. Each class is represented by a neuron of the output layer.

For Feed Forward Networks, in a pass, the feature attributes of one instance are fed into the
input layer . Layer by layer, the values of activation functions are calculated and passed as
input into the next layer until �nally the output layer is reached. The output is now compared
with the ground truth using the loss-function.

The above described layers interpret the features as tabular data; a spaceRS�F is assumed.
Convolutional Neural Networks (CNNs) withconvolutional layersare architectures enabling
the processing of unstructured data. For example, the signals ofCmultivariate time-series with
F timesteps will beX 2 RS�F�C . In

X&;�;� � � =
AX

k=1
[X&;�+ k;� � � k ] 2 R, (2.60)
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the convolutional operation with a single one dimensional convolutional kernel� 2 RA with the
indexk for one timestep� of a single time-series� is shown. In equation 2.60, the convolution
is applied left aligned to the evaluated timestep while often the centred application is used, too.

The time-series must be padded to enable the displayed operation for the whole time range.
Furthermore, the shift from one evaluated timestep to another, the so-called stride, can be
adjusted. Additionally, by dilation, timesteps can be skipped within the convolution itself.
The convolutional kernel shape, the stride, and the dilation, the padding strategy, the number
of convolutional kernels, and the multivariate time-series strategy are hyperparameters. For
example, a convolutional kernel� 2 RA ;C would apply the convolution directly to all multivari-
ate time-series. The convolutional kernels values themselves are parameters and, hence, the
trainable part of a convolutional layer. The unstructured data of a greyscale picture require a
two-dimensional convolution and a coloured picture a three-dimensional convolution. As the
convolutional kernel moves over the data, a feature map is generated.

Often, after a convolutional layer, apooling layer is placed. The commonly used max-pooling
operation picks from each result �eld the maximum value, resulting in a compressed feature
map. The pooling strategy and window are hyperparameters. The convolutional layer and
pooling layer act as a feature attribute extractor, transforming the unstructured data into a
tabular representation. To do so, as a last step, the last array after convolution and pooling is
simply �attened, which is called a�atten layer . The resulting �at array can now be passed in
as regular layers. The �atten layer and pooling layer do not contain trainable parameters.

Closely related to the convolutional layer is thetransposed convolution. When the convo-
lutional operation results in a downsampling of a time-series, then generates the transposed
operation an upsampled version of that time-series. The equation 2.60 on the previous page
described the convolution as the sum of the products of each convolutional kernel element
with the elements of the current window of the time-series. For the transposed operation, the
convolutional kernel is iterated over the time-series, too. The current timestep is multiplied
by the convolutional kernel, which results in a scaled version of that convolutional kernel. If
this operation is performed on each element, the scaled convolutional kernels will overlap
depending on the mode of iteration. The overlapping elements will be summed up.

So far, only Feed Forward Networks were presented. In contrast, a RNN has a backward
connection between layers. Data are understood as some form of time-series. One instance
has now additionally a hidden time dimension. One forward-pass means one timestep of an
instance passing through the network. At all recurrent connections, the neuron output is copied
into the so-called hidden states. The backwards-directed value is stored for the next passes.
Important characteristics are the number of layers with recurrent connections and the length of
those connections. A hidden state can be described as a short-term memory of a network, as it
can store information about a limited time interval. As an extension, long-term memory cells
with forget gates were introduced. ANNs using such an architecture are commonly known as
Long Short-Term Memory (LSTM) models. The rather complex structure of a single LSTM
unit is presented in �gure 2.10 on the facing page.
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Figure 2.10: A single LSTM Unit (adapted from Patterson and Gibson, 2017)

Another type of layer is thedropout layer. During the training, it sets the output of random
neurons of the previous layer to zero. The remaining outputs are scaled to maintain the sum
over all neurons.

Training

During training an ANN, the parameters are adjusted to optimize the objective-function.
In the PYTHON library TENSORFLOW from the TensorFlow Developers (2024) and the
TENSORFLOW-wrapping libraryK ERAS by Chollet et al. (2015), the regularization term is
de�ned directly for each neuron and added internally to the cost-function. The available is the
L1 regularization term and the L2 regularization term (see equation 2.34 and equation 2.35 on
page 40). The parameters are grouped, and each group can be penalized individually.

Depending on the type of activation function of the output layer, an appropriate loss-function
muss be selected and the reduction strategy for the cost-function respective objective-function be
de�ned. The established practise was documented by Goodfellow et al. (2016) and summarized
by Brownlee (2019). An established strategy to reduce the individual losses is the simple sum
over all instances in a batch of instances. One target attribute� of Y is predicted by one neuron
of the output layer.

For regression problems with the linear activation function of the output layer (see equation 2.57
on page 51), absolute error or squared absolute error (see equation 2.32 on page 39) is typi-
cally used. For binary classi�cation with the sigmoid activation function (see equation 2.58
on page 51) and for the multi-class classi�cation with the softmax activation function (see
equation 2.59 on page 51), it is the logarithmic loss which also called cross-entropy. The binary
loss is de�ned by

BinaryL &;� = Y&;� � log
�

Output, Sigmoid%�

�
+ [1 � Y &;� ] � log

�
Output, Sigmoid%�

�
, (2.61)

with Y 2 ZS�T = [0 ; 1]. In comparison, the cross-entropy for the multi-class case is de�ned
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as categorial cross-entropy

Multi-classL &;� = Y&;� � log
h

Output, Softmax%�

i
. (2.62)

The selection of the loss-function is driven by considerations of the convergence of the opti-
mizer.

The most common method to adjust to the objective-function is the backpropagation method.
In a forward-pass, the value of the objective-function| in the current iteration{ of the optimizer
is determined. Next, in the backward-pass, the partial derivativesr for all parametersP are
calculated and the parameters according to

P{+1 = P{ � � � r | (P{) (2.63)

are updated. The amount of change is controlled by the learning rate� .

After the backward-pass reaches the input layer, another forward-pass is started. There are
three strategies of gradient descent. For stochastic gradient descent, the parameter update is
performed after each forward-pass of a single randomly drawn instance without replacement
from the training-set; evaluated is the loss-function. The other extreme is called batch gradient
descent. Here, the whole training-set is passed and the resulting objective-function is used for
the update. In between is the mini-batch gradient descent, where the training-set is split into
batches on which the update will be based. Mini-batch attempts to balance the computational
ef�ciency of using the full training-set and the execution speed of the stochastic approach. In
general, a pass of all instances of the training-set is called an epoch. The epochs are repeated
until an abort criterion is met.

The gradient descent base algorithm with the �xed learning rate can get stuck at a local optimum.
The concept of the momentum, the gradient, is replaced by a form of a moving average of
the gradients of multiple iteration. By this concept, the smaller �hills� in the optimizing
surface should be overcome. Another approach is Root Mean Square Propagation (RMSprop)
that introduces an adaptive learning rate for each parameter by taking into account the slope
of gradient development. The combination of both is the widely used ADAptive Moment
estimation (ADAM) algorithm, introduced by Kingma and Ba (2015).

The end of training an ANN can simply be determined by the number of past epochs. Ad-
ditionally, early stopping can be de�ned. One criterion is to stop, once the cost-function of
an epoch remains unchanged. Another is, to additionally evaluate the objective-function on
unseen data, the validation-set. Usually, the training score improves during the iterations.
Until the moment of over�tting, the same is true for the objective-function evaluated for the
validation-set. Identifying this point can lead to a good epoch to stop the training.
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2.2.5 Tabular Feature Processing � Feature Engineering
As described above, attributes are the column-wise representation of data. Each of the attributes
is assumed to be independent. Furthermore, learning algorithms make assumptions about the
distribution of the data and its relation to the target. Techniques processing such type of data,
aim to clean the data, reduce the dimensionality, change the distribution, and the spread of the
data.

In reality, data from a raw database is never clean. There may be missing information and
outliers. Missing information in the form of an empty attribute value of one instance is
not usable, since no mathematical operation can be applied. In addition to simply dropping
the affected instances, less aggressive strategies such as imputing the missing values were
developed. A simple imputing strategy is to �ll the missing value with the average of all
existing instances of that attribute. More advanced approaches apply, for example, a regression
algorithm combining information from other features.

Outliers affect many learning algorithms, as those methods infer on the basis of statistics.
Outliers must �rst be detected and then treated with an appropriate strategy. One common
approach for detection is the application of the Interquartile Range (IQR). Each feature is
evaluated as univariant. Two quartiles are de�ned and calculated as fences for the data.
Frequent choices are the 25th and 75th quantiles. As outliers are now instances detected whose
attribute values are outside the fence. Hereby, the fence is de�ned as the upper respective lower
quartile plus respective minus the IQR. Typically, the IQR is multiplied by1.5 for outliers
and by3 for extreme outliers. Once detected, the outlier affected instance can be treated as a
instance with missing value.

Distributions can be shown using so-called box plots. A box plot indicates the median and
the 25th and 75th quantiles as a box. The outlier threshold is represented by fences. Values
outside those fences are drawn as points, so-called �iers. As an extension, the letter plots
were introduced by Hofmann et al. (2017) for presenting a high number of data points. The
non-parametric representation utilized boxes for more quantiles than in the box plot. An
implementation inPYTHON can be found under the name boxenplot in the librarySEABORN
by Waskom (2021). The library is based on the fundamental plotting packageMATPLOTLIB
by Hunter (2007).

Often, feature attributes � but target attributes too � are on a continuous ratio scale. There can
be discrete values or even categories. For example, by the above-mentioned one-hot-encoding,
a attribute containing the belonging of an instance to one of multiple classes, is expanded to
multiple attributes, each indicating, if the instance belongs to a particular class.

Many algorithms are sensitive to the magnitude of the data. The learning process is greatly
improved if all attributes are in a similar range. In a �rst step, the data is often centred. This can
be achieved simply by subtracting from each attribute value the arithmetic mean or median of
the corresponding set of instances. The mean of a set of values is faster computed but sensitive
to outlier. The computation of the median is more demanding computationally but robust
against outliers. The scaling is achieved by the division of each attribute value by a statistical
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measure of its corresponding instance set. This measure can be the difference of the minimum
and maximum attribute value, a attribute standard deviation, or a quantile range. Again, the
quantile range is a non-parametric measure and robust against outliers.

Combining attributes to reduce the dimensionality of a problem or transform their distribution
and relationship is another basic set of techniques. As many learning algorithms assume linear
relationships between the attributes, transformations aim to create this linearity. For example, in
�gure 2.11 on the left side, the two attribute vectors1� and2� from X have a nearly quadratic
relationship. The operation

n
2� / 1� 2 \ 1 �� = 1� 2

o
)

n
2� / 1 ��

o
(2.64)

for squaring the1� would create a new attribute vector,1 �� being direct proportional to2� .

Another approach is combining attributes which are not linear separable and mapping them
to another attribute space. For example, in �gure 2.11 on the upper-right side, the attribute
vectors3� and4� have a circular relationship with radiusr . The third attribute vector5� is
not correlated with3� . Given these three attribute vectors, a purely linear algorithm cannot
separate the data into two classes. A new attribute vector4 �� was generated according to

�
4� /

q
r 2 � 3� 2 \ 4 �� = 3� 2 + 4� 2

�
)

n
4 �� / r 2

o
. (2.65)

The new attribute space de�ned by3� , 4 �� , and5� is displayed in �gure 2.11 on the lower-right
side and has now linear separable properties.

For the visual, some random jitter was added to all&� individually, representing noise in the
data. For the sake of simplicity, the noise is not represented in equations 2.64 and 2.65
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Figure 2.11: Attribute Vector Transformation (left) and Combination (right)

Mapping the attribute space of one data point into a higher dimensional space can be compu-
tationally expensive when it comes to the calculation of distances between points. With the
so-called kernel function trick, a similarity between two points can be calculated in the original
attribute space. The similarity is calculated as the dot product of two attribute vectors. With the
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above described methods, both vectors must be transformed in the higher dimensional space
and there the calculation is performed. Selecting an appropriate kernel function, enables the
calculation in the original space. Typically, the kernel function trick is applied in SVMs to
calculate the distance to the hyperplane. By applying the kernel function, non-linear decision
boundaries can be achieved.

In contrast to the manual combination of two or more attributes to reduce dimensionality,
Principal Component Analysis (PCA) leverages the Singular Value Decomposition (SVG) to
combine correlated attributes into few ones. Data are �rst translated to a centre at zero. Next,
the points are rotated to an axis preserving most information if all points would be projected on
it. This axis is called the �rst Principal Component (PC). All higher components are orthogonal
to the others and explain a decreasing part of the variance in the data.

All mentioned approaches are of a deterministic nature and can be inverted. However, like in the
case of PCA, compressed data cannot be fully restored. Some transformations are independent
of the data. Others contain parameters which must be �tted to the underlying data. Hence, such
operations must be applied on training as well as on unseen data. Fitted parameters, however,
must exclusively be determined based on the training data.

2.2.6 Multivariate Time-series Processing
All above described learning algorithms require tabular features. For ANN, the addition of the
CNN and LSTM was presented. Both architectures are methods to extract feature attributes
from time-series data. Consequently, they can be called a domain-agnostic, trainable feature
attribute extractors. When the applied algorithm is independent of the actual data, it can be
called a transformation. The calculation of injury-criteria is such a transformation for a speci�c
domain. Additionally, there are domain-agnostic not trainable transformation strategies.

An overview of domain-agnostic transformations was provided by Bagnall et al. (2017). The au-
thors named four categories: whole time-series processing, intervals, shapelets, and dictionary-
based methods. For the whole time-series processing category, a time-series is simply consid-
ered a vector of independent attributes or is used for distance measures. The interval-based
methods evaluate a time-series in time windows and calculate attributes like the time-series max-
imum within each time window. Shapelets are phase-independent patterns in a time-series. The
CNN can be named in this category, too. Finally, dictionary-based methods count reoccurring
patterns like the number of local maxima in a time-series.

The PYTHON library SKTIME by Löning et al. (2022) provides an extensive collection of
domain-agnostic transformers. Bagnall et al. (2017) compared a selection for the application
of time-series classi�cation. However, for this thesis’ research, regression and multivariate
time-series regression should be studied, too. In this context, the shapelet-based algorithm
ROCKET by Dempster et al. (2020) is of interest. The authors use the idea of convolution like
in a CNN architecture but de�ne the convolutional kernel weights as �xed. A high number
like 1000convolutional kernels of different size is randomly generated and applied on the
time-series and processed by convolution and pooling to feature attributes.
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Another approach is to combine the above approaches as a collection of attributes. Such
collections were proposed by Lubba et al. (2019) asCATCH22 (22 CAnonical Time-series
CHaracteristics) and Christ et al. (2018) asTSFRESH. Both libraries are also integrated in
SKTIME.

If the metamodel output is one or multiple time-series, the computational cost must be con-
sidered. Many learning algorithms do not natively support a multi-output. For multi-attribute
regression or classi�cation, it can be acceptable to simply train a metamodel per attribute
individually. To account for the temporal interdependency, the predictions can be chained, too;
a predicted value of one timestep becomes a attribute for the next one. More ef�cient can be
algorithms which natively support the multi-attribute output; examples of such algorithms are
ANNs and some implementations of decision trees.

For machine learning, the ideal sampling rate of time-series does not necessarily equal the one
required for time-series processing, like the assessment of injury-criteria. Hence, changing the
time sampling interval is another relevant transformation. Plaschkies (2023) used averaging
over �xed time windows. Additionally, for the time series prediction, the reversibility of PCA
was used to predict only a limited number of PCs and restore the complete time-series. Instead
of �xed time windows, a rolling average can be generated, too. An implementation can be found
in the libraryPANDAS. To reduce the sampling interval, the given time-series can simply be
interpolated. Another approach is the transformation of the time-series to its frequency-domain,
dropping the not considered frequencies, and the transformation back to the time-domain. An
implementation can be found in the PYTHON library, SCIPY.

2.3 E�cient Data Generation and Utilization

2.3.1 E�cient Data Generation with Finite Element Models
General approaches for ef�cient FE-simulations in Livermore Software technology corporation
DYNA (LS-DYNA) were discussed above in section 2.1 on page 18 ff. As key concepts, the
appropriate selection of element types and sizes can be highlighted. Furthermore, powerful
computer-hardware and ef�cient pre- and post-processing algorithms are key.

Wielens (2022) presented a FE-model simpli�cation approach which can be applied to a whole
vehicle with the objective of an accelerated FE-simulation of a vehicle crash. The author
presented two approaches for the simpli�cation. The �rst approach de�nes a cutting plane
through the vehicle. All elements on one side are considered relevant, and those on the other
side will be dropped. The second approach requires one FE-simulation with the full vehicle.
Next, e. g. the internal energy of each component is evaluated. Components whose energy is
below a de�ned threshold during the crash can be neglected. To conduct now FE-simulations
with the region of interest, again, two approaches were discussed. The �rst relates to an
approach proposed by Schäffer et al. (2019a,b). The dropped components are replaced by in
total two masses, representing those components’ total mass and inertia. The masses were
connected by elastic beams to the cut edges of the remaining FE-model. Wielens (2022)
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proposed a completely rigid connection as one adaption of the method. Alternatively, the
author suggested the utilization of a prescribed nodal displacement at the cut edges using the
LS-DYNA interface functionality (see section 2.1, page 20).

The interface functionality is by the knowledge of this thesis’ author commonly used for
occupant-FE-simulations, too. The vehicle structure is merely considered a container for
mounting the components of the interior and restraint system. When relevant, the Body In
White (BIW) recorded deformation is applied by the interface functionality. The remaining
structure is completely dropped or, if relevant for attaching any components, modelled rigid
with a prescribed vehicle-pulse. Singh et al. (2018a) brie�y presented a similar approach
applied to the full vehicle model of a Honda Accord 2014, referred to as a �sled model�.
Similar, Sequeira (2022) applied this strategy to a FE-model of the Toyota Yaris 2010 as a base
for crash scenario dependant crash severity estimations.

2.3.2 Design of Experiments
A reasonable Design of Experiments (DoE) is the heart of any data generation. Siebertz
et al. (2017) provided a profound insight into established methods. The system under test is
characterized by factors, where a combination of factor settings forms an experiment. Observed
is the system’s response. A Design of Experiments (DoE) is now the de�ned variation of the
factor settings. Each factor should statistically uncorrelated of the other over the experiments to
avoid unnecessary repetitions of an experiment. Furthermore, suf�cient coverage of the factor
space is essential.

Factors can be of a continuous or discrete nature. A scheme to vary discrete factor levels is
the full factorial sampling, where every level of one factor is simply combined with all levels
of another. The resulting number of experiments equals the number of levels to the power of
the number of factors. Since not always the resulting high number of experiments is possible,
screening methods were introduced. Such approaches assume, for example, a linear relationship
between a factor and the observed response and additionally no combined effect of e. g. more
than three factors. Since the description model requires a parameter per assumed in�uence of a
factor and factor combination, removing a combination level reduces the number of parameters
and hence the number of required experiments.

For continuous factors, it is assumed that all levels within a de�ned range per factor are possible
and that the number of levels is in�nite. Such a factor space can be transformed to a discrete
space, or (semi) randomized methods can be used. The Monte-Carlo scheme, for example,
de�nes the value of each factor for each experiment randomly. With the increasing number of
experiments, the factors will be equally distributed, and hence the space-coverage will become
homogeneous.

Another randomized approach is the Latin Hypercube Design. In a �rst step, the number of
experiments is set. Second, the number of levels equals this number of experiments and is
randomly permutated for each factor over the experiments. Next, random values are generated
for each factor level value and subtracted from the respective value. The resulting difference is
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normalized by the number of experiments. Finally, each factor is scaled to its assigned value
range. There are multiple modi�cations of the base algorithm, improving the reliability of
producing high quality test �elds.

Instead of drawing from an equal distribution, sequences like the Halton- and Sobol-sequences
are used to generate DoEs deterministically, while maintaining the qualities of randomized
approaches. For this reason, such formalisms are also called pseudo-random. Intuitively, a
Sobol-sequences split a unit-space incrementally in halves, resulting in a sequence, like
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This sequence is also called the binary Van der Corput Sequence. The construction takes for
each element a natural number and converts it to its binary representation. Then, the binary
is �ipped and converted back to the decimal system. This new natural number is divided
by 2 to the power of the number of bits required to represent the original number without
leading zeros. The values of the other factors are permutations of the �rst one. The formalism
for generating the sequence and its permutations can be expressed by a so-called primitive
polynomial. To generate a Sobol-DoE different primitive polynomials can be used as well. Due
to the formalism, the number of experimentsE should be the function

E = 2 s, (2.66)

of the Sobol’ss. An implementation of the sequence and permutation generating algorithm
can be found in thePYTHON library SCIPY. The algorithm is deterministic; when the same
primitive polynomial is selected, then the algorithm will always generate the same output.
Furthermore, Siebertz et al. (2017) highlight the good uniform distribution of the resulting
test-�eld.

2.3.3 Adaptive Design of Experiment
The approach of adaptive DoE is also referred to as active learning. Related to supervised
learning, the terms summarize approaches, where the training process of the metamodel starts
with an initial set of data with an existing ground truth, to which sequentially more data points
are added by a query-algorithm. The additional instances can be generated by simply increasing
the original DoE. In full factorial designs, more factor levels can be added and the quasi-random
Sobol sequences can be continued. Both lead to a denser factor �eld. However, not all areas of
the �eld account the same to the observed system’s responses. Consequently, active learning
approaches take these local differences into account with the objective of ultimately making
less experiments necessary than when using a full DoE formalism. In other words, the potential
informativeness of a data point without yet existing ground truth is the criterion to be selected
for the subsequent data generation.

Settles (2010) reported multiple established approaches to active learning. Theuncertainty-
based query-algorithmswere presented as the most common approach. Here, the uncertainty
of a metamodel in the prediction for a particular instance without existing ground truth is
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evaluated. The next candidate for data generation is the instance with the highest uncertainty.
Another approach discussed iscommunity-based query-algorithms, where multiple metamod-
els make predictions on instances without existing ground truth. The instance with the highest
disagreement is queried next. Another presented group of algorithms � theexpected impact
query-algorithms � utilizes the expected impact of a new instance to a metamodel change
of parameters, to the metric-function evaluated on the training-set, or to the metric-function
evaluated on the validation-set (see section 2.2, page 42 ff). Finally, the authors discussed the
risk of single-instance based algorithms, like the uncertainty-based ones, to query outliers or
less relevant instances. As a solution, they presenteddensities-weighted uncertainty-based
algorithms. Such an algorithm would reduce the chance of an unlikely feature attribute value
combination to be queried.

An example of a recent application of community-based query-algorithms in combination with
uncertainty-based query-algorithms was described by Gan and Gu (2019). The authors used
the combination of an initial DoE and three metamodels. The uncertainties of each metamodel
were individually assessed and regions of interest identi�ed. The overlap of the three resulting
regions of interest were used as the design space for further function calls. The authors proposed
an iterative procedure with a convergence criterion.

Another approach was introduced by Schneider et al. (2022) on the example of generic functions
and occupant safety assessment. Initially, a base dataset was generated by conducting FE-
simulations with Total Human Model for Safety (THUMS) for a DoE. A metamodel was
trained based on that data. The predicted values were understood as the design space. Upon
discretizing this design space into a de�ned number of bins, the region of interest was de�ned
as the bin with the highest error. Predictions instances without existing ground truth were
generated and sorted into the existing bins. All instances, which came into the bin of interest,
are the queried candidates.

Entirely on an uncertainty-based algorithm, based was the recent contribution of Ballal et al.
(2023) for the example of a generic function and the application to pedestrian safety. The
authors started with an initial DoE. A Gaussian Process Regression (GPR) model was �tted to
the data. The con�dence information of the model was leveraged to identify new samples to be
generated. Similar approaches were presented by Azzimonti et al. (2021), Kaneko (2021), and
Picheny et al. (2010).

2.3.4 Physics Informed Machine Learning
Physics informed machine learning holds great potential in generating ef�ciently more accurate
metamodels. Karniadakis et al. (2021) presented a comprehensive review of such methods
and de�ned the concept of bias as a key to infusing metamodels with physics. The authors
categorized the observational bias, the inductive bias, and the learning bias. Theobservational
biascan be understood as a weak mechanism for steering the learning process by presenting
pre-selected data to the algorithm. For example, the symmetry of a vector �eld could be repre-
sented by duplicating instances with features for the symmetric location. Theinductive bias
is achieved by directly incorporating physics-related assumptions into the machine learning
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architecture; the physical knowledge is enforced implicitly. The authors described Convo-
lutional Neural Networks (CNNs) as one example for this approach, since the convolution
and pooling operations lead to a representation of the extracted attributes regarding symmetry,
for example. As further examples, Graph Neural Networks (GNNs) and methods like GPR
where a kernel function can be selected were listed. Finally, thelearning bias was de�ned as a
modi�cation of the loss-function penalizing non-physical behaviour. Additionally, the authors
pointed out that all three bias-approaches can be used in combination, too. A special focus
on the bias-approaches had the survey of Hao et al. (2022). The authors collected established
approaches of incorporating the physics describing systems of differential equation into the
loss-function.

A recent example of an inductive bias using architecture in the domain of vehicle safety was
presented by Belaid et al. (2021). The authors utilized a CNN block to process a vehicle-
pulse. In addition, pre-extracted characteristics of the vehicle-pulse, the information which
Anthropomorphic Testing Device (ATD) was used, and its belting-status were processed as
scalar feature attributes by some dense layers. Intuitively, the CNN block downsampled the
vehicle-pulse, while the dense block mapped the scalar attributes to this downsampled space.
The authors called this process the encoder part. The output of the metamodel was the driver’s
chest acceleration as a time-series. To generate the new time-series, a transposed convolution
(see section 2.2, page 52) was performed in a so-called decoder block upsampling the encoded
space. The result was passed through another dense layer to generate the �nal output. The
authors used data from full crashes as physical testing. Additionally, they used FE-simulation
to augment the database. The metamodel performance was found to be signi�cantly better than
the baseline in the form of the averaged chest de�ection signal over the training-set.

Kayvantash (2018) proposed the decomposition of the result of a FE-simulation to reduce
the complexity of the multi-attribute target. A FE-simulation result was decomposed into a
spatial and a temporal operator in combination with the transfer matrix containing the singular
values. The author claimed that for a small change in the factor space, it is suf�cient to predict
either the spatial or the temporal operator. By reversing the Singular Value Decomposition,
the complete time-series can be restored, considering the change due to the factor shift. The
principle was recently demonstrated by Diederich et al. (2023) predicting head kinematics
of the MAthematical DYnamic MOdels (MADYMO) Active Human Body Model in driving
manoeuvre scenarios. Both authors limit the methodology to small variations and relatively
linear conditions.

Further relevant examples for dimensional reduction techniques as a form of observational
bias of the metamodel were presented by Kracker et al. (2020) and Limousin et al. (2019).
The �rst employed decomposition techniques to extract low-dimensional attributes from FE-
simulation full geometry output on the example of b-pillars in a side-crash scenario. The
latter projected �nite elements into a voxel grid to extract meaningful characteristics of a crash
FE-simulation while being mesh-independent. This new representation was compressed, e. g.
by Principal Component Analysis (PCA), for further analysis. Bach et al. (2019) investigated
the dimensional reduction of a FE-model to achieve shorter computation time. The solver was
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equipped with an estimate of which parts of the model are relevant to the solution. By reducing
the solved model size in such a way, a signi�cant speed-up was achieved.

2.3.5 Transfer Learning
Another angle for ef�cient data utilization is offered by transfer learning. The basic idea of
the category of techniques is to take advantage of the knowledge gained from one dataset to
improve the predictions in other domains or tasks.

Zhao et al. (2024) provided a comprehensive literature survey on established approaches. For
transfer learning, there is a source and a target domain on the one side, and a source and a
target task of the metamodel on the other side. The actual transfer always originates from the
trainable feature attribute extractor. The authors provided two approaches of categorization. The
segmentation by the aspect of data and task led to the categories of unsupervised, transductive,
and inductive transfer learning. The second �method examines whether the source and target
domains share the same feature and target spaces� (Zhao et al. (2024), page 6), which led to the
categories of homogeneous and heterogeneous transfer learning.

For unsupervised transfer learning, two databases with instances without an existing ground
truth are available and two different but related tasks are to be solved. The feature extractor
from the �rst data-task-pair is used to support the learning process for the second data-task-pair.

The category oftransductive transfer learning deals with scenarios, where one database
contains instances with an existing ground truth and another instances without an existing
ground truth. Both databases originate in different domains, while the actual task is the same.
As an example, Zhao et al. (2024) illustrated the recognition of tumours. The �rst database
contained pictures of CT-scans and the ground truth on the existence of tumours. A CNN-based
metamodel is trained on this dataset. The second dataset contained CT-scans of the lung. Again,
the task was to recognize existing tumours. The trained metamodel was utilized to support the
unsupervised learning with this second dataset.

Finally, inductive transfer learning assumes one database with instances with or without an
existing ground truth. The second database contains instances with an existing ground truth,
from the same domain as the �rst database. The �rst database is used to train a metamodel to
perform a particular task. Next, the trained feature extractor is used to support the training for
the second task.

Methods of multitask learning as part of the inductive transfer learning were collected by
Vandenhende et al. (2022). The authors described that, �rst, a metamodel is trained on all
available data to recognise feature attributes. Then, the data is split by the available target
attributes with their ground truth and the related task trained.

Zhao et al. (2024) describedhomogeneous transfer learningto be used when data from two
related domains of with the same metamodel input space is accessed. Forheterogeneous
transfer learning, only one database exists, but the used metamodel input space differs.
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Speci�c for the PYTHON library K ERAS and a CNN based metamodel, Chollet (2023)
provided a compact introduction to homogeneous transfer learning. In the example, one pre-
trained metamodel for picture classi�cation was used for the estimation of new picture classes.
The feature extractor architecture was replicated and the parameters from the trained metamodel
was used to initialise the parameters of the new feature attribute extractor. In a �rst learning
round, those parameters were held constant and the dense layers parameters trained. Next,
the feature extractors’ parameters were unfrozen, and the training continued with a smaller
learning rate as so-called �ne-tuning.

2.4 Approaches to Cover Human Body Diversity

2.4.1 Approaches using Physical or Virtual Testing
Depending on the selected model approach, the assessment of anthropometric variation leads
to different levels of effort. VIRTHUMAN (VHUM) or models using Multi Body Simulation
(MBS) can be scaled relatively easy in different dimensions, as demonstrated by Hyn�cík et al.
(2013). Models like Total Human Model for Safety (THUMS) and Global Human Body
Models Consortium (GHBMC) utilise �nite elements, which means higher requirements on the
algorithms.

Serre et al. (2006) proposed a control point interpolation based on the kriging method, also
known as Gaussian Process Regression (GPR). Morphing based on radial basis functions is
widely used � e. g. by Vavalle (2015) for target morphing. The different techniques were
compared by Jolivet et al. (2015).

Due to ageing, humans change their average anthropometrics as well as their tolerance against
loading. For example, Agnew et al. (2013) investigated the age-related effect on the stiffness of
the ribs. They found a signi�cantly higher risk of fracture in older subjects.

Cronin et al. (2012) studied the impact of the ageing effect on the validity of Human Body
Models (HBMs) using the example of the neck of the GHBMC. They determined a higher failure
load tension in the virtual model than in the reference Post Mortem Human Subject (PHMS).
As a reason, they point out that the material properties of the GHBMC were developed for a
26years old subject, whereas the reference PHMS was older. Schoell et al. (2015) compared the
original 26 years old GHBMC responses with a65 years old version. They found an increased
probability for AIS 3+ injuries with the older model. Morris et al. (2003) and Brumbelow
(2019) investigated the age effect using real-world statistics databases. Their conclusions seem
to support the �ndings of the studies with the virtual models.

Motivated by the increasing obesity rate worldwide, numerous studies have analysed the effect
of obesity on crash behaviour. An overview of the statistical evaluations and detailed virtual
studies is provided by Parenteau et al. (2020). Cormier (2008) and Jehle et al. (2012) analysed
the data in National Highway Traf�c Safety Administration (NHTSA) Fatality Analysis Re-
porting System (FARS). Rupp et al. (2013) used data from the National Automotive Sampling
System (NASS). Ryb and Dischinger (2008) based their analysis on data from the Crash Injury
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Research Engineering Network (CIREN). For the virtual assessment, Kim et al. (2014) used
the MAthematical DYnamic MOdels (MADYMO) model of the Hybrid III (HIII) Anthropo-
morphic Testing Device (ATD) and extended it with a fat vest. Shi et al. (2015) morphed the
THUMS model based on an obese PHMS. Forman et al. (2009) investigated obesity by running
three tests with obese PHMS and two subjects near the 50th percentile, focussing on chest
injuries. All studies point to an increase in mortality and the risk of severe injuries in obese
occupants.

Klinich et al. (2000) collected case reports on the implications of the restraint system in case
of pregnancy. They concluded that the seatbelt could have undesirable effects. It should still
be used as the risk of adverse foetal outcome is higher with not properly applied restraint
system. Moorcroft et al. (2003, 2004) and Duma et al. (2004, 2005) extended the 5th percentile
in MADYMO to model pregnancy. They found that the restraint system should be adapted
to pregnancy and that new injury assessment thresholds should be developed. During their
studies, they investigated how the seatbelt and airbag effect the uterus. They recommend using
a 3-point-seatbelt, an as-low-as-possible worn lap seatbelt, and a sitting position with a high
distance to the interior.

The effect of the occupant’s gender is the content of active discussions. As stated above,
the state-of-the-art safety assessment uses the male representation for the 50th percentile and
for few cases the females’ 5th percentile. Projects like Virtual Vehicle Safety Assessment
(ViVA) introduced female representations. In terms of testing in context of gender, an under-
representation of female mimicking surrogates can be and is stated. This could be a major
issue, if the gender-speci�c outcomes of crashes are statistically signi�cant while having high
effect-size and the differences in the crash related biomechanics clear. Abrams and Bass (2020)
analysed the NASS database for gender-speci�c differences. They could not determine any
signi�cant general differences. However, women appear to have an increased injury risk at a
higher age than men in the same age group.

Carter et al. (2014) approached the impact of age, gender, and Body Mass Index (BMI) by
analysing data in the NASS database. As above, they found for older occupants that females
have a higher injury risk than males. A higher BMI was found to increase the injury risk in the
thorax region. They concluded that the effects should be analysed by the usage of modi�ed
computational models.

Hu et al. (2016, 2017, 2019) performed a series of studies utilizing the GHBMC and the
radial-basis-function-based morphing method. They performed sled and crash FE-simulations
and used regression models to determine the sitting position previously published by Park et al.
(2016). In the most recent study, Hu et al. (2019) analysed100morphed GHBMC in a sled
model. The �ndings were a general higher risk of head injuries for taller occupants, increased
injury risks for femur and pelvis injuries with higher BMI, and for older subjects, a higher risk
of thorax and femur risk. Izumiyama et al. (2018) investigated the effect of different spine
alignments using THUMS. They observed differences in the injury measures and an increased
tendency to submarining when the pelvis is more tilted.
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The effect of the presented variations on an occupant on the crashworthiness was the subject of
interest in numerous studies. In general, it can be concluded that a deviation from the state-
of-the-art development con�guration usually leads to higher injury risks. Due to its �exibility,
virtual modelling seems to be a promising approach to counter the various challenges. However,
advanced HBMs are highly computationally expensive. A detailed model can, even with modern
hardware, take hours to days for one FE-simulation. New and more ef�cient approaches should
be found to explore the assessment within this new and drastically increased parameter space.

The development of surrogate models for detailed virtual models seems to be one possible
way to overcome this limitation. Raja and Swain (2017) de�ned, for example, spring damper
formulations to model the occupant. Another increasingly investigated approach is to utilise
data analysis and machine learning.

2.4.2 Approaches using Machine Learning

2.4.2.1 From Real-World Data

Craig et al. (2011) investigated using data from the car’s Event Data Recorder (EDR) if the
occupant’s injury can be predicted to provide fast information, e. g. to hospitals. The authors
compared the results with cases from the NASS and Crash Injury Research Engineering
Network (CIREN) databases. Meaningful parameters have been identi�ed.

Hasija and Takhounts (2019) attempted to predict the Head Injury Criterion (HIC) criticality
from crash-test information. They utilised the available data in the NHTSA database to train
the logistic regression algorithm for a classi�cation task. They achieved a F1-score of around
0.8.

Using NASS data, Lee et al. (2018) tried to estimate the occupant injury grade using the decision
tree algorithm. Liu et al. (2020) continued the study and compared boosting algorithms with
Support Vector Machine (SVM) and Arti�cial Neural Network (ANN). Both studies achieved a
maximum accuracy of around80 %. Chong et al. (2005) developed an ANN, a decision tree
algorithm, and a combined estimator of both methods to predict the injury severity in three
classes using NASS data. The best class accuracy reached from60 % to 90 %. The authors
concluded that better results can be achieved if the data contained the impact speed. It is known
to be one factor with a high correlation with injury severity.

2.4.2.2 From Virtual Physical Models

The use of machine learning approaches with data from virtual simulation holds great potential.
Not always is the human diversity the centre of research. However, successful approaches can,
in general, accelerate the assessment and hence enable the coverage of the broad variety of the
human body.

Zhao et al. (2010) performed98crash and occupant FE-simulations under the variation of the
seatbelt and airbag factors. They used the varied factors to estimate a weighted injury-criterion
in three classes. The accuracy for 11 instances from the testing-set was found to be 83 %.

66



Sequeira et al. (2020) published131car-to-car crash FE-simulations varying the impact an-
gles. Vehicle level FE-simulations were carried out, followed by occupant (driver) level
FE-simulations. They proposed using the data to train an occupant injury prediction metamodel.
The metamodel should use available near-real-time information to decide on the activation of
airbags.

Yang et al. (2020) formulated the proposal to approach the real-time prediction by using look-up
tables. They used9 FE-simulations with THUMS, varying stature, BMI, belt load limiter, and
the backrest angle. The factors were used as feature attributes for the regression methods.

Bance and Nie (2019) proposed a multiple-step approach to achieve near-real-time prediction
of the injury risk. First, they generated a limited dataset with a MADYMO sled MBS model.
Then they used the data to con�gure a lumped mass model. This surrogate model was used to
generate approx.5690instances, which were fed into an ANN. The estimation of the overall
injury level was rated with an accuracy greater than70 %. The prediction of peaks was found
to require more research. The same model was used later by Bance et al. (2021) to achieve the
near-real-time behaviour in an entirely deterministic manner in the form of two-dimensional
lumped mass models. The study was extended by Chen et al. (2020). They proposed to
chain a road scenario creator to de�ne the initial impact conditions. With vehicle-barrier
MBS simulations, they generated the crash pulse fed into a vehicle occupant model. The
real-time features and the occupant MBS simulation responses were used to train a prediction
algorithm. The metamodel accuracy of over70 %seemed satisfactory, with the limitation that
only 23 instances were used to determine this value.

Joodaki et al. (2021) conducted450FE-simulations with HBM. The purpose was the restraint
system optimisation on a so-called ’Life Years Lost’ criterion. Multiple learning algorithms
were trained, tuned, and compared. The metamodel feature attributes were the Design of
Experiments (DoE) factors and the target attribute, a so-called Life Years Lost criterion. The
general problem was stated as a regression. The optimisation approach was understood as
establishing response surfaces, hence accelerated function calls. However, the focus of the
study was on the comparison of the learning algorithms and the effect of hyperparameter tuning.

Hasija and Takhounts (2022) developed a combined metamodel using Long Short-Term Mem-
ory (LSTM) and Convolutional Neural Network (CNN) architectures to estimate head ac-
celerations using only video recordings of a head during the accident. The authors used the
GHBMC and the FE-model of the 2014 Honda Accord in front crash scenarios. In total,
1010FE-simulations were conducted and the head animation extracted. For the predicted peak
angular head velocities, the authors claim not nearer speci�ed correlation coef�cients from
0.73 to 0.92. A closely related approach using deep learning architectures designed for picture
classi�cation was proposed by Kunitomi and Konosu (2018). They used screenshots from
different time frames of a car to pedestrian crash MBS simulation in MADYMO as a feature to
predict three criticality classes of the HIC. The accuracy was greater than80 %for pictures
taken later than 60 ms after the collision.
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2.4.2.3 Conclusions on the Role of Machine Learning in Occupant Safety

The prediction of injury severities using real-world data is mainly used to identify the most
in�uential factors leading to injuries. Other authors tried to use the data to estimate the accurate
injuries. It can be concluded that the databases may not be detailed enough for precise injury
predictions.

Virtual models’ usage as a deliverer of the data fed into machine learning algorithms has
advantages compared to real-world data usage. First, the amount of information generated
by each simulation can be set according to the needs. Additionally, it is possible to retrieve
information that was initially not explicitly collected. Second, virtual simulations can be
automated to a high degree. This automation enables generating the vast amount of data
required for machine learning, given the appropriate computational power and ef�cient models.

Similar to occupant protection, in other passive safety domains, machine learning approaches
are also used. There is a potential to transfer them to the domain of this research.
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3 Data Generation via Finite Element Analysis

This chapter revolves around FE-simulations. The process of model selection and simpli�cation,
including conducting a DoE is displayed. The selection and simpli�cation follows an initial
requirement analysis. The central requirement is a computation time low enough to allow high
volume DoEs. The stepwise simpli�ed FE-models alongside the analysis from this chapter
and four generated databases are supplemented by Plaschkies (2024c,d,e,f) and Plaschkies and
Müller (2024). The related source code was published by Plaschkies (2024a).

The simpli�cation process starts by de�ning the sitting position of an ATD. Each step follows
the principles of ef�cient FE-simulations while ensuring compatibility by direct comparisons.

The DoE is prepared by a study of selecting meaningful factors. Afterwards, the DoE is de�ned,
and the simulations are conducted accordingly. The results are displayed as summary statistics.

3.1 Selection of Vehicle Model

3.1.1 Requirements and Available Models

3.1.1.1 Requirements and Development Environment

According to the scope of this dissertation, there were multiple requirements for a physical
virtual simulation model. The selected model should enable extensive data generation to fuel
the subsequent studies. As the domain, passive occupant safety was pre-de�ned. Additional
requirements were given through the context in which this research was conducted. Load
cases, which are typical for frontal occupant protection and described by legislative bodies and
consumer testing organizations, were considered. To take non-linearities into account, offset
load cases like the Offset Deformable Barrier (ODB) were viewed as necessary.

The de�ned domain led to the critical components a model should contain. Firstly, a vehicle
structure capable to generate vehicle-pulses is required. Second, the assessment of occupant
responses necessitates a human surrogate like an Anthropomorphic Testing Device (ATD).
Third, for realistic responses, the vehicle interior and restraint systems must exist. All, structure,
interior, and restraints should orient on the state-of-the-art of passive vehicle safety measures.
The dashboard, carpet, seat, Driver Airbag (DAB), Passenger Airbag (PAB), and seatbelt were
identi�ed as crucial systems. Extended systems, such as Curtain Airbag (CAB), knee airbag,
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side airbag, far side airbag, or seat ramp airbag were considered optional, depending on the
availability and necessity in the selected load cases.

To enable extensive simulations required to assemble a suf�ciently sized database, a model must
have a reasonable low computation time relative to the given computer-hardware capacity. At
the author’s institute, a cluster of Central Processing Units (CPUs) was available, consisting of
17nodes, each equipped with two Intel Xeon E5-2687W v4 CPUs. Hence, in total,408physical
cores could have been utilized. To enable multiple thousand simulations and some �exibility in
studying the effects of the selected Design of Experiments (DoE), a computation time under
30 minon one node of the cluster seemed reasonable. Furthermore, the available computer-
hardware required a software architecture optimized for CPU clusters.

The modelling of human surrogate responses in vehicle crashes is usually done using numerical
methods. The stability of such models over repeated simulations and against changes in
the computer-hardware are crucial for reliable results. The second base for reliability is the
validation of a virtual model against its hardware-model counterpart.

To support the scienti�c community, the model should be free to use and results be publishable.
Furthermore, for the planned DoE the parametrizability is another requirement.

3.1.1.2 Landscape of Available Models

The model selection was done at the end of 2019. At this time, various vehicle models for the
Livermore Software technology corporation DYNA (LS-DYNA) �nite element software were
available. However, most of the models contained the structural components only, where the
interior parts were not included. For other software packages, models were purchasable but not
publicly available.

The LS-DYNA FE-models are widely used in the scienti�c world. For example, Sequeira
(2022) adapted the Toyota Yaris model from George Mason University, Center for Collision
Safety and Analysis (2016) for the use in the context of occupant safety. Since the restraint
components were not available as data from a hardware-model, the FE-simulation results could
have been checked only regarding their general plausibility.

Other candidates were the ’Gold Standard Sled Buck’ created by THUMS User Community
(2019), the LS-DYNA learning aid FE-model, the Virtual Vehicle Safety Assessment (ViVA)
test buck as used by Östh et al. (2017), and the proprietary FE-models from TECOSIM Group
GmbH and A2MAC1 Group (2022). Those FE-models were either not publicly available, or
highly simpli�ed without being directly related to a hardware-model test, or did not contain
any restraint systems.

At the end of 2019, the only model, which includes structural and restraint components and
is freely available, was the Honda Accord 2014 FE-model provided at National Highway
Traf�c Safety Administration (2019) as per the author’s knowledge. In 2022, the Nissan Rogue
FE-model was released by George Mason University, Center for Collision Safety and Analysis
(2022). However, the schedule did not allow the switch to the more modern vehicle.
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All above-mentioned alternatives were modelled using Finite Element Analysis (FEA). An
approach based on Multi Body Simulation (MBS) was available within the Simcenter software
by Siemens Digital Industries Software (2024a). Despite the expectable faster computation
time in comparison to methods based on FEA, no open-source MBS models were available as
per the author’s knowledge.

Other options could have been 2D-models, as used by Raja and Swain (2017) or later Plaschkies
and Vaculín (2020). Although, such approaches cannot take lateral movement of vehicle or
human surrogate into account. This issue was tackled by Bance et al. (2021), who used in
total four two-dimensional lumped mass models for the main load directions (front, rear, near-
and far-side). The prediction accuracy ranged from moderate to good. However, as one of the
focuses of this work is the assessment of lateral non-linearities, two-dimensional models were
found to be not suitable in general.

Ultimately, the best choice seemed to be the Honda Accord 2014 model. The FE-model came
with the ATD human surrogate Test device for Human Occupant Restraint, 50th Percentile
Male (THOR-50M) sub-FE-models for driver and passenger positions and featured a validation
reference report on both, crash and ATD responses. Newer versions of THOR-50M were made
available by the University of Virginia School of Engineering and Applied Science, Center
for Applied Biomechanics (2024) and various FE-models of the ATD human surrogate family
Hybrid III (HIII) as published by Maurath et al. (2021) were available within the LS-DYNA
licence package.

3.1.2 Model Analysis and Load Case Selection

3.1.2.1 Description of the Available Honda Accord 2014 FE-model

The selected FE-model represents a Honda Accord 2014 midsized saloon. The FE-model
development was done in two steps. First, Singh et al. (2018b) created a structural FE-model
with the intention to assess the vehicle crash response. This FE-model was compared with
crash tests of a hardware-model for the load cases, as displayed in table 3.1 on the next page.

In the table 3.1 on the following page, a checked markX in the post-crash row indicates the
availability of photos or snapshots taken either after the hardware-model test or at the end of
a simulation. A checked mark in the vehicle-pulse row relates to the signals from one of the
vehicle’s accelerometers, and a checked mark in the ATD row marks the availability of signals
from the ATD sensors. The barrier types are the Full Width Barrier (FWB) and the offset
barriers Oblique Movable Deformable Barrier (OMDB), Offset Deformable Barrier (ODB),
and the Small OverLap Barrier (SOLB), each for left and right side.

The accelerometers which were de�ned in the FE-model are displayed in �gure 3.1 on the next
page. In the reference report, there is no clear statement declaring which sensor location was
used to generate the provided graphs. It seems likely the used sensor location is one of the sills
or the Centre of Gravity (CoG) as those are often used in practise.
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Table 3.1: Available Load cases and Data (Graphics adapted fromSafety Companion2024)

Barrier FWB OMDB-L OMDB-R ODB-L ODB-R SOLB-L SOLB-R

56 km/h
0o

98mm

OMDB, 2486 kg
15°, 35 %

90 km
/h

THOR
50 %

98mm

90
 k

m
/h

OMDB, 2486 kg
15°, 35 %

THOR
50 %

64 km/h
0o

ODB
40 %

200 mm

64 km/h
0o

ODB
40 %

200 mm

SOB 25 %

0 mm

64 km/h
0°

R=150 mm
0 mm

64 km/h
0°

SOB 25%

Post
Crash X X X X X

Vehicle-
pulse X X X

ATD X X

x
y

z

Seat Driver

B-pillar Sill Left

Rear Sill Left

B-pillar Sill Right

Rear Sill Right

Seat Passenger

Vehicle CoG

B-pillar Middle Left

B-pillar Upper Left

Figure 3.1: Location of Acceleration Sensors of the Honda Accord’s BIW
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Subsequently, Singh et al. (2018a) extended the reference report with the pure structural FE-
model by interior, restraint systems, and ATDs. The ATD responses were correlated with data
from the hardware-model in the Oblique Movable Deformable Barrier (OMDB) load cases. As
compared to the ODB, in the OMDB load case, the barrier is not �xed in space but is movable.

Following the reference reports, the FE-models were created by analysing the components of
the hardware-model. A satisfactory agreement between the FE-model and hardware-model,
regarding the vehicle’s overall kinematics, was reported for Oblique Movable Deformable
Barrier Left (OMDB-L) and Oblique Movable Deformable Barrier Right (OMDB-R) load
cases. This judgement was underlined by CORrelation and Analysis (CORA) ratings (see
section 2.1, page 29 f) over0.8for X-acceleration and over0.9for the X-Y-velocities. Similar
results were found for the other load cases.

The FE-model restraint systems were validated by single component hardware-models and
�nally correlated with the full hardware-model in the OMDB load cases. The B3-seatbelt
forces showed good agreement, expressed by CORA ratings over0.8(see section 2.1, �gure 2.1
on page 8 and ISO 18571 on page 29 ff).

Insuf�cient Passenger Airbag (PAB) positioning was observed, as presented in �gure 3.2.
In the OMDB-R load case, the ATD head missed the PAB in the FE-simulation completely,
whereas in the hardware-model, the PAB catches the passenger. In the OMDB-R load case, the
passenger seatbelt slips off the shoulder. The seatbelt slip occurs in the FE-model as well as in
the hardware-model. Consequently, the CORA ratings of ATD head accelerations range from
0.6 to 0.8and the pelvis accelerations from0.5 to 0.7. For femur forces, CORA ratings under
0.6 were achieved only.

Figure 3.2: Hardware Test versus FE-model in Oblique Movable Deformable Barrier Right
(OMDB-R) Load case @ 90 ms in Reference report (adapted from Singh et al.,
2018a)

The FE-simulations were conducted with LS-DYNA Version7.1. No information on the
computer-hardware was given. Furthermore, the parallelization technique (see section2.1,
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page 18) was not speci�ed. For those reasons alone, it seemed necessary to conduct an initial
comparison between simulations ran by the author and those from the reference report.

3.1.2.2 Finite Element Model Analysis

The original FE-model contains THOR-50M on each driver and passenger seat. Both ATDs
were restrained by a seatbelt. The FE-model contains a DAB, PAB, and on each side a CAB.
The airbags were modelled by using LS-DYNA hybrid formulation (see section 2.1, page 20).
For the DAB, the jetting technique was added. The dashboard was modelled in high detail
using shell elements. Carpets and seats are also detailed by using solid elements for the foam
components. In total, the FE-model consists of approximately3.5million elements with an
average edge length of ca. 6 mm.

The LS-DYNA FE-model was split into one �le per component, such as ATD, airbag, and
barrier. Each �le represents a sub-model, which is independent of other parts of the FE-model
and is located in its distinct numbering range. Interrelations like contacts and connections
are de�ned in separate �les. The whole model is assembled using one central �le. This data
organization strategy is in accordance with the industry’s best practice and enables the changes
to a single sub-model without affecting other parts of the whole FE-model.

During the studies, only LS-DYNA versions higher than version12 were available. All new
FE-simulations were conducted with LS-DYNA version12using the multi-node paralleliza-
tion technique Message Passing Parallel (MPP). Despite LS-DYNA backwards compatibility,
changes in the algorithms have to be assumed. In this context, a potential problem is the usage
of default values as blanks. In this case, the solver is setting the version-speci�c defaults. Even
by checking the published release notes, due to the sheer mass of changes, potential con�icts
could not be fully ruled out.

Another pitfall was found in the integration interval control setting. The original FE-model
was distributed with the setting of deletion of elements whose size shrank to a integration
interval reducing size. While this setting can mimic meaningful material failure in a pure crash
FE-simulation, in the case of ATD FE-simulation, contact failure due to deleted elements in the
ATD were observed. Disabling the feature was required for stable simulations.

The de�ned mass scaling option led to an initial mass increase of8 kgper hand and7 kgper
arm. Mass scaling is a technique to keep the integration interval stable by increasing the mass of
an element by a small amount (see section 2.1, page 18). The additional mass corresponds with
approximately40 %of the physical mass of the respective component; a signi�cant in�uence on
the related kinematics was suspected. Additionally, notoriously instable simulations enforced
the update of the ATD FE-model. The reference report stated issues with instability as well.
The proposed countermeasures seemed to be integrated, but details were not speci�ed.

To stabilize the contact situation while keeping a reasonable integration interval, the mass
scaling option seemed necessary. At the same time, the resulting local mass increase of the
THOR-50M FE-model were not acceptable. The solution was the update of the FE-model from
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version2.1to the version2.7released in 2019, provided by University of Virginia School of
Engineering and Applied Science, Center for Applied Biomechanics (2024).

Comparing both THOR-50M FE-model versions, the version2.1resembles the 2010 drawing
package released by National Highway Traf�c Safety Administration (NHTSA), whereas the
version2.7 represents the update from 2018. The update contained slight changes in shoe
and upper leg geometry, and a pelvis wrapping jacket. Following Panzer et al. (2019), further
updates were general remeshing, �delity, stability, and an extension of the certi�cation cases.
In �gure 3.3, the improved mesh quality and the fully modelled jacket is shown. In summary,
minor posture adjustments were necessary and slight differences in the ATD response in
comparison to the reference report are expectable.

Figure 3.3: Visual Comparison of THOR-50M FE-models � Versions 2.1 (left) vs 2.7 (right)

FE-simulations for the OMDB load cases were carried out with THOR-50M version2.7.
Additionally, the Full Width Barrier (FWB) load case, and the ODB load case, as de�ned
by the Insurance Institute for Highway Safety (IIHS), also known as moderate overlap, were
added. For all load cases, the reference reports by Singh et al. (2018a,b) provided vehicle crash
characteristics. ATD responses were only available for the OMDB load cases.

The not speci�ed signal �lter procedure and the not fully de�ned positioning of the evaluated
vehicle’s acceleration sensor can be identi�ed as the limitations of the comparisons. For
further comparisons, the sensor under the rear sill on the driver or passenger side was deemed
appropriate. This sensor position minimizes the interference of local deformations with the
overall vehicle motion. An alternative is the sensor location at the vehicle’s CoG. In general,
all signals will be �ltered by a Channel Frequency Class (CFC)60 �lter according to SAE J211
(see section 2.1, page 31).

A comparably strong �lter as the CFC60 is only proposed for overall vehicle motion com-
parisons as described in the standard. However, as shown in �gure 3.4 on the following page,
in this particular FE-model, some signals were oscillating heavily. To enable comparisons, a
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strong �lter had to be selected. This is justi�ed because the overall tendency was considered
more important than the analysis of minor effects. One reason for the strong oscillation is the
contact of the ATD head to the chest. When the head is not properly caught by the front airbag,
the nodding motion is not restraint and, hence, a contact can occur.
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Figure 3.4: Different CFC Filter Class Strength on the Example of Oblique Movable
Deformable Barrier Right (OMDB-R) Load case with Oscillating Signal of Initial
FE-model versus Unchanged Data from Reference report by Singh et al., 2018a

During this work, additional model updates were released. An update for the PAB was published
by National Highway Traf�c Safety Administration (2024). Nevertheless, as described below,
this work’s focus is on fast simulations. Hence, the PAB model had to be simpli�ed, and the
update was not implemented. In March 2024, THOR-50M 2.9 was released by the University
of Virginia School of Engineering and Applied Science, Center for Applied Biomechanics
(2024). Following Panzer et al. (2024), the major geometry remained the same. The primary
purpose of the update were stability and validity improvements. Because this work’s focus
was not on a Test Device for Human Occupant Restraint (THOR) but fast simulations, a later
change of the ATD type was considered anyway. Thus, the numerical stability in the tested
cases alone was seen suf�cient and further updates were neglected.

3.1.2.3 Load Case Selection

For the subsequent tracking of the in�uences of each simpli�cation, load cases had to be
selected. Ideally, both, vehicle-pulse and ATD signals would be available from the reference
report. Table 3.1 on page 72 shows possible candidates. Only for the OMDB load cases, the
ATD data was available for validation. But here, as described above, partially bypassing the
restraint systems, the ATD undergoes a strong lateral motion.

The OMDB load case, introduced around 2015, has not been implemented by the regulatory
body. As the Honda Accord was released already in 2014, this new load case was most likely
not considered during the development. Following Singh et al. (2018a), the interior model was
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generated on the base of the original vehicle. Thus, the special implications of that new load
case were not yet addressed.

To characterize the new OMDB load case, Barbat and Li (2017) conducted an early study. They
observed a higher crash severity for medium-weighted vehicles compared to the classic FWB
load case. Additionally, they compared the longitudinal and lateral acceleration of the vehicle
for OMDB and ODB load cases on the example of the Hyundai-Elantra midsized saloon. In the
X-direction, the ego-vehicle-pulse for the OMDB load case tended to be equivalent to the FWB
load case. In contrast, the ODB load case led to a relatively late timestep for the maximum of
the acceleration signal. The lateral acceleration in the ODB load case was approximately10g
over a longer period, which is signi�cant but low in comparison to the approximately20g in
the OMDB load case. The Honda Accord, which is used in this thesis, can be considered as the
same vehicle class as the Hyundai.

Figure 3.5 on the following page con�rms the �ndings of Barbat and Li (2017) for the Honda.
A shortcoming is the incomplete data for this load case in the reference report, for which reason
the new FE-model data was used here. The vehicle motion for OMDB, ODB, and FWB load
cases were evaluated at CoG. All vehicle-pulses were taken from the initial FE-model.

The Occupant Load Criterion (OLC) (see section 2.1, page 36) for the X-motion was calculated.
Based on the start and end times of the idealized restraint-phase, a lateral OLC from the
Y-velocity was determined. This lateral OLC has no direct interpretation like the original
de�nition with the free-motion and restraint phases but enables a quantitative comparison of
the lateral vehicle-pulses.

Visually and numerically, the FWB load case resulted in the vehicle-pulse with the highest
OLC. In lateral cases, the impact on the left side resulted in a higher OLC and less lateral
motion compared to the impact on the right side. The ODB load cases resulted for both impact
directions in ca.2g lower OLC in X-direction than in the FWB load case. In addition, the
Y-motion of the OMDB load cases were higher. Typically for ODB load cases, the vehicle-pulse
are a long-stretched ones. In comparison, both, OMDB and FWB load cases resulted in an
early hard vehicle-pulse.

Other alternative load cases for which the original FE-model was developed were the FWB
from NHTSA and the small overlap de�ned by the Insurance Institute for Highway Safety. No
ATD data was available for both, but the vehicle-pulse was provided for the FWB load case.
Moreover, the main objective of the data generation was to fuel the machine learning. Here,
functional restraint systems are necessary. Other load cases like the small overlap, European
New Car Assessment Programme (Euro NCAP) Movable Progressive Deformable Barrier
(MPDB) or different impact speed were neglected as they do not contribute with any additional
bene�ts in the context of this work’s scope and were not explicitly part of the FE-model
reference report.
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Figure 3.5:Vehicle Motion Comparison with Initial FE-model at BIW CoG for different Load
cases (Single Precision, 48 Processes, CFC 60)
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Since one of the objectives of this research was to explore the limits of the method, lateral
motion could not be neglected completely. Thus, the OMDB load cases were used to ensure that
no major issues occurred in comparison to the reference report. Since the Honda Accord was
not optimized for the OMDB load case, a less intense lateral vehicle-pulse seemed necessary
to ensure stable FE-simulations. Consequently, the ODBs load case were selected as a load
case with a reasonable but less intense lateral motion to evaluate further steps for FE-model
simpli�cation. In addition to the load cases with lateral kinematics, the FWB load case was
used for the direct comparison with the reference report and the subsequent evaluations.

3.1.3 Occupant Sitting Position
To satisfy the purpose of delivering data for machine learning, occupants on the driver, pas-
senger, or both positions could be used. Considering the effort necessary to develop a fast
and robust FE-simulation environment, the selection of one ATD position seemed bene�cial.
Another implication of the machine learning architecture is the requirement of same or at least
dependant vehicle and restraint system settings for different ATD sizes. This major limitation
excludes all systems with an adaptive restraint system whose con�guration is dependent on any
indication of the ATD anthropometry.

In practice, a robust occupant detection is assumed, and the restraint system settings are
optimized individually. The seat’s adjustment as a predictor of the occupant’s size is mentioned
as the state-of-the-art by Schöneburg (2023). An extended system using additional weight
sensors and an occupant’s head position detector was described by Takata Corporation (2017).
As per the author’s experience, the simple seat position sensors seem to be the more common
ones.

In the section 2.1 on page 11 ff, the collected literature and data on probable sitting positions
are presented. Following the data from Crash Investigation Sampling System (CISS), overall,
all anthropometrical parameters have a wide spread on each seat track position. For drivers,
it was found that there was a correlation to height, and a weaker correlation to weight. For
passengers, the forward most position was populated predominantly by smaller occupants. No
trend was recognized for the positions behind. Especially around the middle seat track position,
all types of occupants were found.

Following the above argumentation, passengers with the seat track position �middle� were
found to cover a wide spread of anthropometries. This position and no adaptivity of the restraint
systems to different occupants were selected as the base for further investigations.

3.1.4 Initial Model Comparison
To investigate the numerical stability of the FE-model, each FE-simulation ran4 times. In
each repetition, either48or 96parallel processes were used. Additionally, the computation in
single precision or double precision was set (see section 2.1, page 18). Both, parallelization and
precision can change the results of a FE-simulation. A good model should be robust against the
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spacial decomposition strategy. For reasons of lower computational and storing cost, single
precision is preferable.

Instead of CORA values, the more recent ISO-rating de�ned in ISO/TS 18571:2014(E) (see
section 2.1, page 29 ff) was used for the time window of20 ms to 120 ms. In this time window,
the major event, from the occupant’s perspective, happens. In the time before20 ms, the signal
of a sensor differs only minimal between different tested FE-models. Hence, the ISO-rating
would unreasonably improve. After120 ms, mainly the rebound of the ATD takes place, which
is not viewed relevant for the conducted study. If not different indicated, the ISO-ratings are
reported as median in the four computational con�gurations. Since for this study mainly big
effects were of interest, only responses resulting in ISO-ratings lower than0.8were inspected
in detail. The ISO-ratings were reported either as the numerical value or by the corresponding
ISO-grade (see table 2.3 on page 30).

In �gure 3.6, the resulting computation times for the selected load cases were displayed.
For single precision, doubling the parallel processes almost halves the computation time.
Simulations in double precision required more time and larger storage in general. The FWB
load case resulted in the shortest computation time because of the simplest barrier setup. The
higher overhead from transferring bigger data, however, reduces the effect of parallelization. In
case of double precision, the overhead effect was so dominant that the computation time even
increased.
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Figure 3.6: Computation Time of Initial FE-model for Full-crash FE-simulations with
THOR-50M as Driver and Passenger

In the comparison of the initial FE-simulations with those in the reference report, the FWB
load case for vehicle-pulse evaluation and the OMDB load cases for vehicle-pulse and ATD
assessment were used. ISO-ratings are reported using the FE-model data in the reference report
as reference. The median of the four ISO-ratings from each numerical setup was reported. The
selected channels correspond to the ones available in the reference report.

80



Different line colours correspond to the three data sources. Different line styles indicate the
four numerical setups:

� Continuous are FE-simulations Double Precision (DP) with 48 processes.

� Dotted are FE-simulations Double Precision (DP) with 96 processes.

� Dash-Dotted are FE-simulations Single Precision (SP) with 48 processes.

� Dashed are FE-simulations Single Precision (SP) with 96 processes.

When comparing two ATD FE-simulations, �rst the outer conditions should be correlated. If
the vehicle-pulse deviates too strong, no other signal can match any more. In the second step,
the restraint system should be correlated. Only if their responses are similar to each other, the
ATD sensor’s output is comparable.

In �gure 3.7 on the next page, all vehicle-pulse data and the shoulder B3-seatbelt force according
to the conventions de�ned in section 2.1 table 2.5 on page 32 and �gure 2.1 on page 8 are
presented. In the FWB load case, only the X-direction of the vehicle-pulse was provided by the
reference report. The ISO-rating for the X-velocity was0.94and the X-acceleration0.51. In
general, the strong oscillation of the acceleration signals carries the chance of local deviations
and hence lower ISO-ratings. The better alignment after60 msin the X-accelerations of the
initial FE-model versus the hardware-model from the reference report in comparison to the
FE-model from the reference report lead to the much higher ISO-rating of0.72 while the
signals before 60 ms were relatively similar.

The ISO-ratings in �gure 3.7 on the following page of the vehicle’s velocity in the OMDB-L
load case were found to be almost perfect, with0.96 in X- and 0.77 in Y-direction. The
X-acceleration was ISO-rated at0.73, while the Y-acceleration’s higher amplitude of resulted
in 0.41. However, the FE-simulation of the reference report was ISO-graded only as Poor with
regard to the hardware-model as well. For the impact of the OMDB load case on the passenger
side, similar ISO-ratings were found. For the acceleration, the average signal seems to match
well to the reference report, but the oscillation around the average had a signi�cant higher
amplitude.

The vehicle motion in the OMDB-R load case matched to a similar degree as in the OMDB-L
load case. The ISO-ratings were overall found to be only slightly lower �0.94 for the X-
velocity,0.64for the Y-velocity,0.66for the X-acceleration, and0.33for the Y-acceleration.
The kinematics in the Y-direction seems to match better to the initial FE-model than to the
reference report FE-model.

For the restraint system in �gure 3.7 on the next page, only shoulder seatbelt B3-forces were
available. Additionally, in the reference report in a constant pull-out test for the load limiter,
increasing forces in the retractor forceB0F R;t from 2.3 kN to 2.5 kNwere measured. This
behaviour was de�ned in the FE-model accordingly. No information regarding the friction
between the seatbelt and D-ring was provided in the reference report.
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Figure 3.7: Vehicle-pulse at CoG and Seatbelt B3-force of Initial FE-model in Comparison
with Reference reports by Singh et al., 2018a,b
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As displayed in �gure 2.1 on page 8, the D-ring redirects the seatbelt from the retractor to the
shoulder as shown in section 2.1 in �gure 2.1 on page 8. In the FE-model, a constant friction
coef�cient � of 0.35was de�ned. Measuring the angle� between the seatbelt sections before
and after the D-ring, an approximate shoulder B3-forceB3F R;t can be calculated using from
the Euler-Eytelwein derived equation

B3F R;t = B0F R;t � exp (� � 
 t ). (3.1)

The formula requires the wrapping angle
 which can be calculated by


 t = (180° � � t ) �
�

180°
, (3.2)

from the inner angle sum of the quadrangle formed by the two tangents � the two seatbelt
sections � and the respective radii. The angle� was measured in degrees, while
 is de�ned
in radians. In the FE-simulations, angles� t between60° to 70° were measured in the initial
FE-simulation during the time window of60 ms to 80 ms. According to those values, a B3-force
level ranging from 4.5 kN to 5.0 kN is expectable.

In the initial FE-simulation, a B3-force of4.5 kN was observed in �gure 3.7 on the facing
page after the coupling phase. In the OMDB-R load case, an ISO-rating of0.81was measured.
For the OMDB-L load case, the correlation was ISO-graded Poor. The seatbelt slips during
the lateral motion of the shoulder of the THOR-50M, reducing the B3-force in the reference
report data. In the case of the reference report FE-simulation, a sharp drop around70 msis
the outcome. In the hardware-model, a drop but slower is observable too. In the initial FE-
simulations, however, the seatbelt B3-force reaches its plateau and the seatbelt is continuously
pulled out until the rebound begins. From visual analysis, a clamping of the seatbelt in the
shoulder joint seem to take place.

For the accelerations of head and pelvis in �gure 3.8 on the next page, the agreement of both
FE-simulations was ISO-graded Fair to Poor. In the pelvis, for both OMDB load cases, the
magnitudes between the FE-simulations are well-matched. The phase of the pelvis acceleration,
on the other hand, matches better with the hardware-model.

The head accelerations are well aligned. In the case of the OMDB-R presented in �gure 3.9
on page 85, the initial FE-simulation report approximately10g higher maximum resultant
acceleration. Comparing the directional components, the Z-direction accounts for the higher
values. In all cases, the PAB could not act properly and following, the head nods down resulting
in the Z-component as major head acceleration. Considering the timing, the peak coincides
with an unusual behaviour in shoulder seatbelt force in the reference report FE-model: instead
of remaining at its constant level, the B3-force increases again and reaches the maximum
together with the head acceleration around 90 ms.
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Figure 3.8: Head and Pelvis Acceleration in Oblique Movable Deformable Barrier Left
(OMDB-L) Load case of Initial FE-model in Comparison with Reference reports
by Singh et al., 2018a

One explanation for the difference in the acceleration magnitude could be the higher energy
dissipation due to the higher seatbelt forces over the thorax. Higher B3-forces would result in a
stronger nodding motion of the head if not properly restrained by the PAB. Unfortunately, the
data available in the reference report does not allow a more detailed insight to support or reject
this explanation.

The signals of the femur forces are shown in �gure 3.10 on the next page. In all combinations
and load cases, the ISO-grade of the correlations were Poor.

In summary, the important responses from the initial FE-simulations ISO-grades were Good
to Fair regarding the reference report FE-model. The seatbelt slip of the shoulder in the
OMDB-L load case and the instable PAB positioning in general reduced the comparability of
the cases. Due to numerous unknowns with the published FE-model, it was possible to reason
the observed differences, only for few sensors. The FE-model from the reference report already
does not match perfectly the hardware-model.
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Figure 3.9: Head and Pelvis Acceleration in Oblique Movable Deformable Barrier Right
(OMDB-R) Load case of Initial FE-model in Comparison with Reference reports
by Singh et al., 2018a
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Figure 3.10: Femur Forces in Oblique Movable Deformable Barrier Left (OMDB-L) and
Oblique Movable Deformable Barrier Right (OMDB-R) load cases of Initial
FE-model in Comparison with Reference reports by Singh et al., 2018a
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3.2 Model Simpli�cation for E�cient Data Generation

3.2.1 Simpli�cation Potential Analysis
As described above on page 69, the FE-model must have a reasonably short computation time
on the available computer-hardware resources. Furthermore, numerical robustness is required.
This second requirement was achieved by adjustments made in the FE-model and the selection
of the Channel Frequency Class (CFC). However, the computation time of over8 hobserved
in �gure 3.6 on page 80 is too high. Further steps of FE-model alteration seemed necessary.
To avoid completely losing the bene�ts of having a reference reports, all changes should be
as minimal as possible. Using a stepwise approach and AB-comparisons for each change, the
foundation of the Reference reports should be maintained.

Because the computer-hardware was mainly �xed, simpli�cations on the FE-model was the
main driver. The established strategies were discussed above in section 2.1 on page 16 ff and
on page 58 ff. The vehicle-pulse in a full vehicle crash is dependent on the vehicle’s mass.
In other words, simpli�cations like removing single components must not compromise the
mass distribution within the vehicle. The submodel approach provides here a higher degree
of freedom. Following, all entirely for the driver side relevant components could be removed
since only the passenger is considered.

The original model was meshed with an average element size of6 mm. Utilizing the Hybrid III
50th Percentile Male Dummy (HIII-50M) instead of Test device for Human Occupant Restraint,
50th Percentile Male (THOR-50M) can only bring its full potential, if the rest of the model is
simpli�ed and the critical integration interval increased (see section 2.1, page 17). The used
Hybrid III (HIII) family from Guha et al. (2011) comes with an average element size of25 mm.
This size was used as a goal for the other components.

The relevant components were dashboard, door, seatbelt, airbags, and seat. The Body In White
(BIW) was considered rigid and hence not part of the integration interval calculation (see
section 2.1, page 17). Given a reduced lateral motion of the Anthropomorphic Testing Device
(ATD) due to the switch from Oblique Movable Deformable Barrier (OMDB) to the Offset
Deformable Barrier (ODB) load case, less to no interaction with the Curtain Airbag (CAB) and
the door was observed. Hence, those components can be dropped instead of being simpli�ed.
Anyway, the two components had to be only considered for the impact on the right side.

As stated above in section 3.1 �gure 3.2 on page 73, the Passenger Airbag (PAB) positioning
was found to be instable. Hence, any comparison would be obfuscated by this effect. Therefore,
as an early step, the PAB behaviour must be improved. During the remodelling of the PAB
FE-model, the simpli�cation occurred alongside.

Due to the smaller pelvis of the HIII-50M compared to the THOR-50M, a change in the
interaction with the seat was expected. In the original sub-FE-model, the ATD was pressed into
the seat’s foam by a pre-FE-simulation. Unfortunately, the original cushion shape could not be
restored. For comparison purpose, the upper body of both ATDs should be aligned as possible.
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This, together with the described seat modelling, led to a distance between the pelvis and seat
cushion. Simplifying the seat in an earlier step, while taking this geometric issue into account,
can reduce the implied risk of submarining.

To reduce the storage and update effort, the BIW will be meshed coarser. Dropping the
intrusions and modelling the BIW as completely rigid allowed simplifying the interior.

All displayed considerations led ultimately to the stepwise simpli�cations listed in table 3.2.
For all steps, the changes are explained and AB-comparisons presented. The FE-models and
the ISO-ratings were provided as supplement by Plaschkies (2024c). The ISO-ratings were
either reported as numerical value or by the corresponding ISO-grade as de�ned in section 2.1
table 2.3 on page 30. The step 6 was only performed for the Offset Deformable Barrier Right
(ODB-R) load case because the in�uence of the CAB and door is only given if the ATD moves
towards them.

Table 3.2: Steps of Model Simpli�cations

Step FE-model Version FWB ODB-L ODB-R Page

1 Initial FE-model X X X 79
2 Prescribed Motion and Intrusion X X X 87
3 Simpli�ed Front Airbag X X X 91
4 Simpli�ed Seat X X X 95
5 THOR-50M Replaced by HIII-50M X X X 98
6 Neglected CAB and Door X 103
7 Simpli�ed Seatbelt X X X 104
8 Simpli�ed BIW & Neglected Bulkhead Intrusion X X X 106
9 Simpli�ed Interior: Rigidized Dashboard & Carpet X X X 109

10 Adjusted for Data Generation X X X 114

3.2.2 Simpli�cation by Prescribed Motion and Intrusions

3.2.2.1 Method of Prescribing Motion and Intrusions

As elaborated in the theory chapter (see section 2.3, page 58), the technique using sub-FE-
models is commonly used for FE-simulations with ATDs. Only for ATD interaction, relevant
parts of the complete vehicle FE-model were used. The actual crash is replaced by a prescribed
vehicle-pulse and applied intrusions as explained theoretically in section 2.1 on page 20. In
total, 4 sensors on the sills of the passenger and driver side were used for the prescribed
accelerometer:2 sensors in the middle of the rear door and2 sensors at the B-pillar. To avoid
unnecessary instabilities, all signals were �ltered by CFC60. Alternatively and in case of a
perfect sensor location in terms of no local deformations, a simple prescribed motion for the
BIW rigid body on e. g. its Centre of Gravity (CoG) could also be used. Stable FE-simulation
were achieved with interface �les recorded with 5 kHz.
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To identify the relevant parts to keep from the vehicle, the author took the ATD perspective.

What are the likely areas to interact with given the selected load cases?

In the Honda Accord FE-model, they were the dashboard, the carpet, the restraint system, and
the seat.

Which parts of the vehicle affect the ATD or the relevant components directly but
are not affected vice versa?

This second question led to the BIW. Here, the intrusions from the crash will override any
impact from the much softer components like an ATD head. At this level, the recorded
intrusions used for constraining nodes in the simpli�ed model are suf�cient. All remaining
parts of the BIW can be neglected.

The interface, if recorded in the global coordinates, contains the rigid body motion and the
deformations. Applying the interface approach to the whole BIW would make the prescribed
motion unnecessary. However, a huge amount of data has to be stored and evaluated every
cycle. Selecting only those parts which undergo signi�cant deformation during the crash and
whose deformations are relevant for the ATD, can reduce the overhead. The interface �le with
the reduced content, shown in �gure 3.11, was the size of about 5.5 GB.

Figure 3.11: Full FE-model (Left) vs Reduced FE-model (Right) with Intrusion Zone in Red
and Rigid Body in Blue)

All parts, which are constrained only by the rigid body motion, must be modelled as rigid
using the rigid material type. In section 2.1 on page 18 ff, it was explained that Livermore
Software technology corporation DYNA (LS-DYNA) calculates the contact stiffness from the
involved partner’s elastic modulus. Consequently, the as rigid de�ned parts should maintain
their de�nition of Young’s modulus.

Parts with the interface constrained nodes should not carry any inner stiffness by using the
null material. Otherwise, the internal energies would be unreasonably high. This can lead to
numerical issues even if the FE-simulation terminates without an error message. Nevertheless,
similar to the rigid de�nition, the elastic modulus still has to be de�ned for the contacts.
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Another potential pitfall comes from the fact that the interface constraint is not a real constraint
but an applied force vector. The implication of this de�nition is that any real constraint overrides
the interface locally. An example in the Honda Accord FE-model is the connection of the
seat to the BIW. In the reference report FE-model, a nodal rigid body containing nodes from
both components was used. Since the null material does not carry any structural stiffness and
the rigid body de�nition overrides the interface, the seat would be practical unconstrained.
The solution was to change the de�nition from hard constraints to soft constraints via the tied
contact.

3.2.2.2 Results of Prescribing Motion and Intrusions

Due to the averaging nature of applying the vehicle-pulses by the described method, deviations
were expected. Additionally, since the vehicle’s acceleration sensor at the CoG is attached to
the rigid part of the guided BIW and not to deformable parts as in the full crash model, less
oscillation should be the result.

The X-velocity for all three load cases were reported with ISO-ratings greater than0.95
compared to the initial FE-model. The Y-velocity in the Offset Deformable Barrier Left
(ODB-L) load case had the ISO-grade Good, too. The Y-velocity of the ODB-R load case,
however, got only an ISO-rating of0.71. The X-acceleration of the Full Width Barrier (FWB)
was ISO-graded as Good, too. Both ODBs were ISO-rated around0.8for the X-acceleration,
but ISO-graded Poor for the respective Y-acceleration. The major reason for those low ISO-
ratings can be inspected in �gure 3.12 on the next page. The likely reason is the much higher
amplitude in the acceleration’s oscillations in the initial FE-model. Due to the averaging, those
oscillations were reduced since sensor locations on the left and right side of the vehicle were
used to generate the guiding vehicle-pulse. Second, in the initial model, the area around the
evaluated CoG is deformable, and thus, can undergo its individual oscillations. In contrast, in
the case of the guided BIW, the sensor is rigidly connected to the structure. The numerical
con�gurations as described on page 3.1.4 shows that the oscillations were not stable in the
initial FE-model.

The comparison of the restraint system was extended by the pressure of the PAB and all typical
seatbelt forces and the pull-out. For all three load cases and evaluated channels, the correlations
were greater than 0.8 and therefore ISO-graded Good.

The accelerations were evaluated at head, chest, and pelvis. All resultant accelerations got a
Good ISO-grade compared to the initial FE-model. All accelerations in the Y-direction were
ISO-graded only Poor or Fair. And yet, no major difference could be identi�ed. One reason
could be, similar to the vehicle’s lateral motion, the ATD experience comparably low kinematic
in the Y-direction. As described above, the ISO-rating tends to judge stricter than a human
would do based on the plots, if the magnitudes are very low in relation to the X-direction. The
femur forces of the left and right legs were ISO-rated consequently higher than 0.8.
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Figure 3.12: Vehicle-pulse for Initial FE-model and Prescribed Motion at BIW CoG
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3.2.3 Front Airbag Simpli�cation

3.2.3.1 Method of Simplifying the Passenger Airbag

In the case of the airbags, only the PAB was simpli�ed. The CAB was planned to not be
considered in later steps. The Driver Airbag (DAB) was out of scope, as only the passenger
position was considered (see page 79). The PAB of the Honda Accord was modelled using
elements with an average size of5 mm. The airbag was compressed into its housing. When
�ring the in�ator, the PAB would in�ate. In the folded state, it is impossible to remesh the
airbag. The complete remodelling procedure was as follows: (i) in�ate PAB, (ii) remesh the
resulting shape, (iii) shrink or fold the new PAB, and �nally (iv) adjust the parameters if
necessary.

Due to the interaction of the ATD with the PAB and numerical variance in a previous FE-model
version, the alteration of the PAB was performed in an isolated environment, the so-called
standing test. This environment consisted only of a rigidized version of the dashboard and the
windscreen. The undeformable surfaces of both seemed suf�cient, since the airbag alone cannot
and must not apply deformations to the dashboard by an extent of airbag being in�uenced.
One drawback of this method was that a PAB is usually developed to be clamped between the
dashboard and the ATD thorax. If the ATD is missing, the airbag will not �nd a stable position
but bounce.

A point where the positioning of the shape and its smoothness are acceptable was found at
60 ms. Since an airbag gets �rst in�ated from the folded state and later de�ated due to fabric
leakage and the venting holes, the surface is only smooth, if the inner pressure is around its
highest value during the fully in�ated phase. In agreement with the reference reports by Singh
et al. (2018a), the inner volume of the in�ated bag was approximately 86 L.

By extracting the node coordinates at the time stamp60 msof the simulation, those coordinates
were now used to replace the nodes in the folded state. After cleaning and smoothing of
the elements, the automatic remeshing algorithm of the Finite Element Analysis (FEA) pre-
processing software ANSA was utilized to generate elements of the targeted size. By applying
smoothing algorithms and manual adjustments, a satisfactory mesh quality was achieved.

To avoid the initial intersections of the PAB with the ATD described in section 2.1 on page 19,
the PAB had to be folded or shrank. The author decided for the second approach because the
coarse mesh could undergo too strong distortions when folded. Geometrically, shrinking of the
bag can be achieved using morphing tools. To ensure the in�ation back to the original shape,
two adjustments were necessary: (i) de�ne a reference geometry, and (ii) adjust the in�ator
parameters.

The concept of a reference geometry as described in section 2.1 on page 20 adds the possibility
to add the information on a deformed state at the beginning of a FE-simulation. In the author’s
experience, this approach is commonly used for folded airbags because the folding process
deforms the fabric. However, no such de�nition was available in the Honda Accord FE-
model. Hence, the coordinates of the PAB nodes before shrinking had to be used. Another
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advantage of the reference geometry approach is that the element size for the integration interval
determination is calculated based on the reference geometry and not the shrank element. The
�nal result is displayed in �gure 3.13.

Figure 3.13: Airbag Standing Test with (from Left to Right) Original PAB @ 60 ms, Coarsely
Meshed PAB @ 60 ms, and Shrank PAB with Reference Geometry on the
Simpli�ed Dashboard

In the case of a proper folded airbag, the initial volume would be near zero. Since here the PAB
was only shrunk, the initial volume was greater than zero. By reducing the mass �ow of the
in�ator, similar pressure was achieved during the time window of ATD restraint. The in�ator
was de�ned as hybrid, containing fractions ofCO2, H2O, andN2 which are released as a shared
mass �ows. For the shrunk PAB, the same fraction was assumed to be in the initial volume
at normal pressure and the in�ator. To compensate for this, the mass �ow from the in�ator
de�nition was reduced by approximately 30 %.

Additionally, the use of LS-DYNA fabric material required the following adjustments. The
liner and the fabric’s compressive stress elimination had to be activated. Both reduced the
wrinkling of the fabric. The elimination of compression prevented the implosion of the airbag
at the beginning of the simulation.

In �gure 3.14 on the next page, the comparison in the standing test is displayed. The time
around60 msis relevant as the PAB geometry was taken from here. One simulation on a local
workstation with4 parallel processes took ca.7 min. With the same computer-hardware input,
the original airbag required 4 h.
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Figure 3.14: Un�ltered Signals from Standing Test with Original PAB versus Simpli�ed PAB

3.2.3.2 Results of Simplifying the Passenger Airbag

Since the method for applying the vehicle-pulse was unchanged, the measured vehicle-pulses
matches nearly perfectly with the previous FE-model version. Apart from negligibly small
numerical deviations, in all subsequent models the vehicle-pulse remained unchanged.

All seatbelt signals also got the ISO-grade Good. Naturally, the inner pressure of the PAB got
only the ISO-grade Fair. As shown in �gure 3.15, the initial pressure and the changed mass �ow
altered the signal in the evaluated range. In the working time window, however, the pressure
was found to be higher. The reason becomes obvious in �gure 3.16 on the next page. The PAB
original positioning was very skew; the simpli�ed PAB middle remains approximately in the
sagittal plane, and hence the PAB is properly loaded.

Figure 3.15:PAB Relative Pressures in [bar] for Simpli�ed Airbag versus previous FE-model
Version with Original Airbag
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Figure 3.16: Original PAB (left) versus Simpli�ed PAB (right) in Full Width Barrier (FWB)
Load case @ 80 ms

The kinematics of ATD is in�uenced by different interaction of PAB with ATD. However,
the ISO-ratings of head, chest, and pelvis resultant accelerations were overall found to be
ISO-graded Good. For chest and pelvis, in the X- and Z-directions of the respective sensors,
light changes were observed, but the correlations were ISO-graded Good. All accelerations
in the Y-direction were ISO-graded Fair, without any particular effect identi�ed. Natural
assumptions for reasons are the low magnitude of the acceleration signal in the FWB load case
and the signi�cant different interaction of the ATD with the PAB in the lateral ODB load cases.

The head acceleration was ISO-graded Fair, as shown exemplary for the FWB load case in
�gure 3.17 on the facing page. In the initial FE-model, the X-component drops from80 msdue
to missing interaction with the PAB. Since the simpli�ed airbag remains in the ATD sagittal
plane, the X-acceleration remains on a high level. However, a strong deviation in this time
window was observed between the on page 81 de�ned four numerical setups.

The femur forces were only marginally affected by the change in the PAB. The ISO-grade was
found to be Good.

In summary, the simpli�cation introduced a major change in the overall model. From a safety
perspective, the positioning of the PAB was altered fundamentally towards the better. An PAB
which does not remain in a stable position and in the trajectory of the ATD head would be
useless. Additionally, the comparison of simulations would not be reliable. Despite changing
the initial FE-model characteristics, the restraint system can now only be declared functional.

The computation time was reduced in median from418 min to 387 min. This delta vanished
in comparison to the enormously faster simulation in the stand test. The reason is that the
integration interval of the simulation was not affected by the change in the PAB, since other
components like the door or seat contained smaller elements.
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Figure 3.17: ATD Accelerations in Full Width Barrier (FWB) Load case for Simpli�ed PAB
versus previous FE-model Version with Original PAB

3.2.4 Seat Simpli�cation

3.2.4.1 Method of Simplifying the Seat

A simpli�ed seat can accelerate the simulation and extend the parametrizability of a FE-model.
The complex shaped and pre-deformed cushions of the Honda Accord FE-model were replaced
by a simple geometry. The deformable material de�nition was kept from the original cushions.
But, the deformable seat structure was replaced by rigid plates. The surface of the cushions
were oriented on the surface of the original seat. The bottom of the new cushion was de�ned
with a distance under the original seat structure to take the seat’s deformation into account.

In �gure 3.18 on the next page, both seats are shown. Two characteristics of the original seat
were not covered. First, the seat structure under the pillow is not homogeneous. Modelling this
area homogeneous can change the way the ATD sinks into the cushion. This can increase the
forward displacement but can reduce the risk of submarining. Second, the sides were modelled
�at in the simpli�ed model. In the case of a high lateral vehicle-pulse, the ATD pelvis is less
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restricted. However, the OMDB load cases with their high lateral vehicle-pulses were replaced
and hence it was anticipated that the missing lateral guidance would be insigni�cant.

Figure 3.18: Original Seat (green) vs Simpli�ed Seat (red)

3.2.4.2 Result of Simplifying the Seat

The vehicle motion remained in ISO-graded Excellent regarding the agreement with the
previous FE-model version. For the FWB load case, all evaluated restraint system signals were
of Good or Excellent ISO-grades.

In general, the movement of the seatbelt through the seatbelt-buckle was observed to be higher
with the simpli�ed seat than with the original seat. The higher Z-motion towards the seat
cushion was identi�ed in the case of the simpli�ed seat as the main reason. Due to this effect,
the lap seatbelt is slightly unloaded; seatbelt webbing is more pulled towards the thorax. This
effect was especially strong in the ODB-L load case. In �gure 3.19 on the facing page the
thorax seatbelt B4-force, the lap seatbelt B5-force, and the pull-through at the seatbelt-buckle
are shown. The B4-force were ISO-graded Good regarding the previous FE-model version.
The B5-force, however, suddenly increases at85 msfrom an excellent match with the previous
FE-model version to a force similar as measured at B4. The explanation can be found in the
location of the B5 sensor. The force was measured in LS-DYNA as a so-called section force,
initially located93 mmaway from the seatbelt-buckle across the seatbelt. This distance is
pulled through the seatbelt-buckle around the same time window. Hence, the force-sensor
location swaps from the lap-section to the thorax. In other words, the mismatch between the
versions can be considered an artefact. However, the higher pull-through is a real effect. The
seatbelt force-sensor locations were depicted in section 2.1 �gure 2.1 on page 8.
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Figure 3.19:Comparison of Seatbelt Signals in Offset Deformable Barrier Left (ODB-L) Load
case with Simpli�ed Seat versus previous FE-model Version with Original Seat

The general increase in stiffness of the seat led especially to signi�cantly increased accelerations
in the Z-direction, as shown in the �gure 3.20 on the following page. The overall head
kinematics did not change much. However, the pelvis on the simpli�ed seat �rst slides further
forward, stopping then harder. As ATD is a kinematic chain, despite being partially elastic, the
higher accelerations also affect the chest. The head was less in�uenced because the connection
over the neck leads to less coupled behaviour.

The higher forward motion of the pelvis led to increased forces along the femurs from the
contact with the dashboard. The height of the force peaks was determined where the knee hits
the dashboard. Higher local stiffness can lead to higher forces. Consequently, between the
three load cases, the impact intensity varied from unchanged to plus1 kN. The ODB-L load
case was least impacted, and the ODB-R load case the most.

The seat simpli�cation led to a reduction in the computation time in a median of approxi-
mately8 %. Considering the signi�cant increase in the pelvis and chest accelerations, this
simpli�cation appeared to be unsuccessful. On the contrary, the median computation time of
almost6 h remains far from the desired duration de�ned above. Additionally, the new seat
seemed to be a necessity to utilize the HIII-50M in the subsequent steps. Furthermore, in the
next chapter it will be observed that for HIII-50M, the pelvis kinematics were different, leading
accelerations back to the level of the original seat.
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Figure 3.20: ATD Accelerations in Full Width Barrier (FWB) Load case with Simpli�ed Seat
versus previous FE-model Version with Original Seat

3.2.5 Exchanging THOR-50M with Hybrid-III-50M FE-model

3.2.5.1 Method of the ATD Exchange

In general, the THOR-50M and HIII-50M are based on similar geometry. Hence, to align the
pelvis centres (H-points), it should be possible to approximately align the centres of the heads
as well. In �gure 3.21 on the next page, both ATDs are shown in the position used. To achieve
this alignment, (i) both H-points were aligned, (ii) the back was aligned, (iii) the arms and legs
were aligned, and (iv) the joint range limits of the HIII-50M were respected, and thus limited
the degree of alignment in the spine.

The deeper thorax of the HIII-50M made the chest area of HIII-50M being signi�cantly closer
to the dashboard than THOR-50M. Due to the limited �exibility of the HIII-50M lumbar spine
and neck, it was not possible to align the heads perfectly.
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Figure 3.21: Comparison of THOR-50M (Yellow) and HIII-50M (Orange) as Cut in Sagittal
Plane (Left) and as Isometric Perspective (Right)

As an alternative to the H-point alignment, the focus could have been the alignment on the seat
cushion. However, since seat simpli�cation allowed for cushion �tting to individual pelvis
shapes, the upper body alignment was weighted higher.

The change in the measurement device can lead to fundamental changes in the recorded ATD
kinematics and the evaluated sensors. In section 2.1 on page 23 ff, the known differences of
both ATDs were laid out.

3.2.5.2 Result of Exchanging THOR-50M with Hybrid-III-50M

Interestingly, most of the signals received only Fair or Poor ISO-grades with respect to the
THOR-50M and HIII-50M FE-simulations. As shown in �gure 3.22 on the following page,
the shoulder seatbelt force and the PAB characteristics were barely affected by the ATD
exchange, although the HIII-50M couples slightly faster to the shoulder seatbelt. However,
in the exemplary shown FWB load case was the lap seatbelt force found to be approximately
2 kN higher with the HIII-50M. The characteristics of the shoulder and lap seatbelt force are in
accordance with Albert et al. (2023).
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Figure 3.22: Restraint System of HIII-50M in Full Width Barrier (FWB) Load case versus
previous FE-model with THOR-50M

In �gure 3.23 on the next page, on the example of FWB load case, the ATDs’ kinematics are
displayed. Surprisingly, the head resultant acceleration correlations were ISO-graded as Good
between both ATDs. In contrast, for both ODBs load cases, the peak head acceleration was
observed to be ca.10g higher for THOR-50M than for the HIII-50M, which is in agreement
with the 25 % reported by O’Connor et al. (2022).

Comparing the chest acceleration in �gure 3.23 on the facing page, the peak acceleration for
THOR-50M is ca.40 %higher than for HIII-50M. Unlike O’Connor et al. (2022), who observed
no signi�cant differences, Xu et al. (2000) observed a similar deviation in pendulum tests.
Fitting to the lower chest acceleration, the chest X-displacement relative to the vehicle is higher.
That means, in combination with the on the same level remaining pelvis X-displacement,
a stronger rotation of the thorax of the HIII-50M occurs. Both effects were observed less
pronounced for both ODBs load cases also.

The femur forces in �gure 3.24 on page 102 were for the left leg ca.2 kN higher for HIII-50M
than for THOR-50M in the FWB and ODB-L load cases. This is the opposite of the �ndings
of O’Connor et al. (2022). As a reason, the different position of the left knee when in contact
with the dashboard was identi�ed. In �gure 3.25 on page 102, it becomes obvious that the
THOR-50M hits in an area of relatively low geometrical stiffness, while the HIII-50M hits
a vertical member. The right femur forces are similar between both ATDs. For the ODB-R
load case, the femur force of HIII-50M is lower than in the other load cases, since due to
vehicle-pulse, the knee will move towards the less stiff areas of the dashboard.

In summary, most observed differences between both ATDs were in agreement with the �ndings
from the literature presented in section 2.1 on page 23 ff. The signi�cant deviation in the femur
area could be reasoned by the different contact location of knee and dashboard.
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Figure 3.23: Resultant Acceleration and Local Displacements in Full Width Barrier (FWB)
Load case with HIII-50M versus previous FE-model Version with THOR-50M
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Figure 3.24: Femur Forces of HIII-50M versus previous FE-model Version with THOR-50M

Figure 3.25: THOR-50M (left) vs HIII-50M (right) Knee Positions @ 60 ms in Full Width
Barrier (FWB) Load case
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3.2.6 Neglecting Curtain Airbag and Door

3.2.6.1 Method of Neglecting the Lateral Components

The vehicle side was simpli�ed in two steps, where �rst the CAB was removed and then, the
door. Both cases were only tested for the ODB-R load case because no in�uence on the other
load cases.

If the vehicle were to experience strong lateral movement, removing the side restraint would
have a signi�cant impact on the ATD lateral motion. Due to the limitation to moderate lateral
cases, such an in�uence was not anticipated.

3.2.6.2 Result of Neglecting the Lateral Components

Both simpli�cation steps did not affect the prescribed vehicle motion. Hence, the ISO-grade
was Excellent. The responses of all evaluated restraint systems were only minimally affected.
All ISO-grades with the previous FE-model version were found to be at least Good.

The accelerations measured at the pelvis were found to be changed only slightly. The ISO-
grades were Good. The same is true for the femur forces.

For head, chest, and pelvis, the resultant acceleration correlations were found to be ISO-graded
as Good. The head’s Z-acceleration and the chest’s and pelvis’ X- and Y-acceleration were
found to have the ISO-grades Good too. The same is true for the pelvis’ Z-acceleration.

Removing the CAB led to a Fair ISO-grade compared to the previous version for the head
X- and Y-acceleration and the chest Z-acceleration in the ODB-R load case. However, the
ISO-rating should not be overstated because the maxima of those accelerations were only10g.
As recognizable in �gure 3.26 on the next page, in the deviation time window, the numerical
spread of the setups de�ned on page 81 is signi�cant as well. Additionally, the oscillation was
high. In this unstable phase, the correlation evaluation can be corrupted.

Two effects led to the low accelerations in the ODB-R load case. First, the seatbelt slips to the
neck. That behaviour, induced by the lateral vehicle-pulse, is partly due to the seatbelt routing
and partly due to the simpli�ed modelling of the HIII-50M. The hardware-model has a metal
ring around the neck area, mimicking the clavicle. In the author’s experience, the shoulder
seatbelt tends to remain at that ring’s edge instead of getting into contact with the neck itself.
The effect of that seatbelt behaviour is a late rotation of the ATD thorax, which leads to the
second reason for the low accelerations. In combination with the relatively low acceleration but
long stretched vehicle-pulse and the late upper body rotation, the PAB is reached so late that
due to the venting, the airbag started de�ating before the ATD even reached it.

The reduction of the computation time was signi�cant. From in median238 minwith door and
CAB, removing the CAB reduced to187 min, and removing additionally the door to165 min.
In total, the simpli�cation reduced the computation by30 %. In comparison, for the light lateral
content of the load case, the impact on the ATD response was ISO-graded Fair.
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Figure 3.26: Removal of CAB and Door versus previous FE-model Version with CAB and
Door in Offset Deformable Barrier Right (ODB-R) Load case

3.2.7 Simplifying the Seatbelt

3.2.7.1 Method of Seatbelt Simpli�cation

The foremost change was the remeshing of the seatbelt itself. Before, each seatbelt shell
element had an edge length of approximately12 mm. After remeshing, the new length was
20 mm. As a second simpli�cation, seatbelt anchor points were directly attached to the rigid
and guided BIW. The seatbelt-buckle was set rigid, too.

3.2.7.2 Results of Seatbelt Simpli�cation

The situation regarding vehicle motion remained unchanged. The agreements of the restraint
system responses were ISO-graded Good.

Only an as Fair ISO-graded correlation was found for the pull-through of the seatbelt-buckle.
Figure 3.27 on the facing page reveals a lower pull-through as the reason for the ISO-rating on
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the example of the FWB load case. The deviation was mainly due to the change in stiffness
of the seatbelt anchor points. In the original seatbelt, the seatbelt-buckle was attached to a
deformable part of the seat and the component itself was deformable, too. Due to this modelling,
the seatbelt-buckle was pulled towards the pelvis during the seatbelt tensioning. The simpli�ed
modelling features a pure rotational joint between the anchor point and the seatbelt-buckle; the
seatbelt-buckle remains in its Y-Z-plane. Additionally, the bigger element size can affect both,
the contact recognition to the ATD and the slipping behaviour. Over the different numerical
setups of parallelization and precision, especially the B5-force seems to vary.

Figure 3.27: Effect of Seatbelt-buckle in Full Width Barrier (FWB) Load case with Simpli�ed
Belt versus previous FE-model Version with Original Belt

However, the slightly faster coupling of the thorax to the seatbelt and the different pull-through
at the seatbelt-buckle in�uenced the whole ATD only minimal, as �gure 3.28 on the next page
shows. An observed effect was a reduced lateral motion of the entire ATD in the FWB load
case. This effect can be traced again to the stiffer anchoring of the seatbelt-buckle. With the
original seatbelt, the deformable anchor point at the seat was pulled in the X-direction. The
anchor at the seatbelt end gets less deformed as a result of a lateral motion of the ATD. Since
in the new model all anchor points were de�ned rigid, these characteristics were omitted.

The simpli�cation step altered the ATD response minimal. The accelerations and femur forces
ISO-graded Good regarding the agreement with the previous model, given the limitations
described in the previous simpli�cation steps. Only a minimal speed-up of the simulation was
achieved. However, increasing the element size was another step to increase the integration
interval ruling critical integration interval.
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Figure 3.28: Resultant Acceleration and Local Displacement in Full Width Barrier (FWB)
Load case with the Simpli�ed Seatbelt versus previous FE-model Version with
Original Seatbelt

3.2.8 Neglecting the Bulkhead’s Intrusions

3.2.8.1 Method of Intrusion Neglection

In the reached FE-model degree of simplicity, the deformations of the BIW were only relevant
in the form of the intrusions of the bulkhead. The interaction with the carpet ultimately affects
the ATD lower extremities. The interaction with the dashboard can move the PAB towards the
ATD. In �gure 3.29 on the facing page intrusions are displayed as the combined maximum
values of the FWB, ODB-L, and ODB-R load cases.

The intrusionsD were calculated as relative displacements of a pointNodeU with U 2 R3�D of
the bulkhead or the dashboard. The reference pointRootU was located in the vehicle c-column
and another pointAxisU at approximately the same height on the Z-axis in the vehicle b-column.
Both points formed a straight, on whichNodeU was projected to measure the distance.
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Figure 3.29: Combined Maximum Intrusions from Full Width Barrier (FWB) and Offset
Deformable Barrier Left (ODB-L) & Offset Deformable Barrier Right (ODB-R)
Load cases on Bulkhead, Carpet, and Dashboard

Given the assumption that the reference point located at the vehicle c-column is always behind
the evaluated points at bulkhead or dashboard, the distance calculation simpli�es to

NodeD = max
0� t � 120 ms
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The equation was derived from the projection of a pointNodeU on a straight de�ned byRootU
andAxisU . The coordinates of the reference pointRootU , the direction pointAxisU , and the
evaluated pointNodeU were functions of time and their coordinates corresponded to a node of
the FE-model. From each evaluated point, the maximum over time was used.

In the graphic of �gure 3.29, the maximum displacement of the dashboard towards the ATD
is small. The intrusions acting on the carpet, however, range from100 mm to 240 mm. An
in�uence on the ATD leg kinematics was expected. Regarding intrusions, mainly the dashboard
in�uences the ATD upper body kinematics because it mounts the PAB and knee bolster. Due to
the small maximum displacement of the dashboard, only a minimal in�uence of removal of the
applied intrusions was expected.

To reduce the overhead, the BIW was remeshed to a20 mmtarget size. Theoretically, this step
could have been done before, since the interface algorithms of LS-DYNA support the mapping
between different sized meshes. However, to support a stable contact situation between the
BIW and the �ne meshed dashboard and CAB, this step was moved until the removal of the
intrusions.
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3.2.8.2 Result of Neglecting the Bulkhead’s Intrusions

The agreement of the vehicle-pulses continued to be ISO-graded Excellent. The evaluated
accelerometer was mounted in the area of the always rigidized part of the BIW. Consequently,
the model conditions remained unchanged here. All sensor outputs of the restraint system were
at least ISO-graded Good, in agreement with the previous FE-model version. All acceleration
sensors were in good agreement as well, considering the above declared limitations.

The femur forces, shown in �gure 3.30, were affected as anticipated. However, no clear trend
over the load cases was recognized. The ISO-grades ranged from Fair to Poor.

Figure 3.30: Femur Forces when Intrusions are Removed versus previous FE-model Version
with Applied Intrusions

The simulation’s computation time was mostly affected by the simpli�cation of the BIW and
was reduced from163 min to 91 min. Additionally, neglecting the intrusions, the reduction to
88 minin median was achieved. This last reduction seemed insigni�cant, especially considering
the change in the femur forces. However, as stated above, the femur was considered a lower
priority in this study. Furthermore, the measure was the prerequisite for the subsequent steps.

108



3.2.9 Interior Simpli�cations

3.2.9.1 Method of Simplifying Dashboard and Carpet

Since the intrusions are neglected, the dashboard and carpet can be simpli�ed now. For both
components, the stiffness is especially relevant if the ATD is impacting.

The carpet was modelled as completely rigid. Despite a foam-like elastic modulus for the
contact calculation, an unrealistic hard impact must be anticipated. However, it was assumed
that the feet are supported by it but do not impact. Furthermore, the evaluation of sensors on
the lower extremities was not in the scope of this study.

For the dashboard, the same assumptions as for the carpet were chosen, and the component
was modelled as rigid. Due to the comparably compressible door of the glove compartment,
a knee bolster seemed necessary. In this area, the knees are impacting the dashboard. High
deformations and hence higher forward displacement of the pelvis can affect the overall
body kinematics. The knee bolster was approximately100 mmthick and for the material a
carpet foam was selected. The rest of the dashboard’s elastic modulus de�nitions for contact
calculation remained as in the initial FE-model.

3.2.9.2 Result of Simplifying Dashboard and Carpet

The application strategy of the vehicle motion remained unchanged. Hence, the related sensor
signal remain same too.

The restraint system responses are overall at ISO-graded as Good. The exceptions are the
lap seatbelt forces. Due to the change in dashboard stiffness, their match with the previous
version was only ISO-graded as Fair to Poor. The simpli�cation of the carpet did not introduce
a signi�cant deviation within the restraint responses. In �gure 3.31 on the next page are, as
an example, the pelvis seatbelt forces in the FWB load case shown. The simpli�ed dashboard
with the integrated knee bolster led to a reduction in the seatbelt forces.

The femur forces were affected as in �gure 3.32 on the following page. More homogeneous
stiffness of the dashboard’s knee zone led to more equally distributed femur load on the left
and right leg. The local stiffness for the left leg seems to be in a range similar to the initial
FE-model. The local stiffness in the area of the right knee, however, seems to be modelled
stiffer.
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Figure 3.31: Change of Pelvis Seatbelt Forces in Full Width Barrier (FWB) Load case with
Dashboard Simpli�cation versus previous FE-model Version with Original
Interior

Figure 3.32: Femur Forces with Simpli�ed Dashboard and Rigid Carpet versus previous
FE-model Version with Original Interior
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3.2.10 Evaluation of Final Simpli�ed Model
The entire simpli�cation process was motivated by enabling the creation of an extensive
database by a reasonable short computation time. To validate the machine learning approaches,
the more realistic and less simpli�ed version of the vehicle model should be used. The initial
FE-model with THOR-50M seemed not useful for this task due to the very long computation
time and the unavailability of a 95th percentile Test Device for Human Occupant Restraint
(THOR). The FE-model version with introduction of the HIII-50M seemed a good compromise.

In �gure 3.33 on the next page, the ISO-ratings are displayed as the median over the four
numerical setups for each of the evaluated channels. Since the reference model was already
a guided BIW, all vehicle-pulse related channels were identical. Almost identical were the
prescribed load limiter B0-force and the PAB characteristics. With the introduction of the
simpli�ed dashboard on page 109 ff, the lap seatbelt load dropped from ca.4 kN to 2 kN,
resulting in the measured Poor ISO-grade. The deviation in the pull-through of the seatbelt at
the seatbelt-buckle was caused by the rigid anchor points, as discussed on page 104 ff. The
different pull-through affected the retractor pull-out in the ODB load cases, too.

Most Y-accelerations and local Y-displacements were ISO-graded Poor. The reason was the
relatively low magnitude and high oscillations of the signals, which resulted in an overcritical
assessment by the ISO-rating. Furthermore, the simpli�ed seatbelt in�uenced the Y-motion
(see page 104 ff).

The stiffer impact area on the dashboard in�uenced for the right leg, the chest, and pelvis
acceleration in the ODB-R load case as discussed on page 109. By this measure, the ISO-grade
was reduced to Fair.

The ISO-rating is a mixture of different metrics. Hence, single aspects can get obfuscated
despite being relevant for the calculation of injury-criteria as they were de�ned in section 2.1
on page 34 ff. Table 3.3 on page 113 displays the resulting deviation of injury-criteria between
the two FE-models. For each load case was the Mean Absolute Error (MAE) (see section 2.2,
equation 2.44 on page 44) for the four numerical setups calculated within the time interval
from 20 ms to 120 ms. The limit-values were taken from the regulation UN ECE R137 except
for Head Injury Criterion for up to 15 ms (HIC15) and Chest Acceleration over 3 ms Criterion
(CAC3), which were taken from the FMVSS 208. The MAEs were found to be lower than15 %
of the related limit, except for the CAC3 for the FWB.

In �gure 3.34 on page 113 the difference in the two rating approaches becomes clear. Because of
the high similarity of the signals in the FWB load case, the ISO-grade for the chest acceleration
was Good. The sharp peak had only a small in�uence on ISO-rating, while for the CAC3
a deviation of22 % was observed. Comparing the Head Acceleration over 3 ms Criterion
(HAC3) for the ODB-R, the deviation was only4 %while the ISO-rating for the related head
acceleration was with 0.84 similar to the 0.83 of the discussed chest acceleration.
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Figure 3.33: ISO-ratings of Channels from HIII-50M Reference versus Fully Simpli�ed
FE-model in Multiple Load cases
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Table 3.3: Mean Absolute Error (MAE) for Numerical Setups of HIII-50M Reference vs
Simpli�ed FE-model

MAE per Load case
Region Injury-criterion Unit Limit FWB ODB-L ODB-R

Head
HIC15 700 38.9 22.5 30.1
HAC3 g 80 2.80 3.32 5.09

Neck
NEC N m 57 6.88 1.25 3.39
NTC kN 3.3 0.37 0.19 0.31
NSC kN 3.1 0.11 0.09 0.14

Chest

CDC mm 42 3.43 6.47 6.75

CVC m s=1 1.0 0.04 0.04 0.03
CAC3 g 60 13.5 3.54 4.11

Femur FCC kN 6.8 1.10 0.51 0.33

Figure 3.34:HIII-50M Reference versus Simpli�ed FE-model with Resultant Accelerations of
Head and Chest
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In summary, the major differences were introduced by altering the stiffness of the dashboard’s
knee bolster and the rigid mounting of the seatbelt anchor points. Both measures affected
the ATD. But actually, from the perspective of a restraint system developer, the system was
improved. The reference simulation took ca.2 h to be computed using single precision and
48processes. The massively simpli�ed FE-model had a computation time for the same setup
of 10 min. The speed-up of ca.90 %seems to justify the deviations between the two FE-model
versions.

3.2.11 Model Adjustments for Data Generation

3.2.11.1 Method to Prepare FE-model for Data Generation

The purpose of the previous section was to explain the rationale behind the simpli�cation
steps. The �nal FE-model had suf�ciently low computational costs, but was not yet con�gured
for a high number of FE-simulation. The vehicle environment had to be parametrized and
the Hybrid III 5th Percentile Female Dummy (HIII-05F) and Hybrid III 95th Percentile Male
Dummy (HIII-95M) should also be seated.

To parametrize the restraint system, the airbag mass �ow curves over time were assigned with a
Y-scaling factor. The opening time of the adaptive vent de�ned two dependant X-values in the
mass-out-time-curve. The retractor and airbag time-to-�res were already factors in the original
model. As a conclusion from the observed tendency of the PAB being relatively soft, the airbag
time-to-�re was delayed by4 ms. For the retractor load limiter, two dependant support points
were de�ned using the existing support points, controlled by one factor for the limiting force.

To parametrize the vehicle motion, the vehicle-pulse application method was simpli�ed. The
vehicle-pulse had to match the full-crash motion �rst. However, the scalability in X- and Y-
direction seemed desirable. To achieve matching and scalability, the �prescribed accelerometers�
were replaced by a �prescribed motion� applied to the CoG of the vehicle. The X-acceleration
was recorded in the previous FE-model version at the CoG in the FWB load case in the
numerical setup of single precision with 48 parallel processes. The Z-acceleration and the
3 rotational Degree of Freedoms (DoFs) were set to zero throughout the simulation. The
Y-acceleration was scaled from the X-acceleration. A vehicle-pulse angle factor was introduced
for scaling, applied as cosine for the X- and sine for the Y-direction on the original X-vehicle-
pulse. The approach is the same as the standard procedure for emulating a lateral motion from
a full crash test on 1 DoF sled test device. In these applications, the BIW is mounted Z-rotated
on the sled. In addition to the initial Z-rotation factor, the Y-value of the vehicle-pulse was
scalable as a whole, too.

Lastly, the three ATDs had to be seated. Following the argumentation on page 79, all percentiles
were placed on the same seat-position. The middle position remains the same as in all previous
simulations. The actual seat adjustment �eld of the Honda Accord 2014 is not known to the
author. Nevertheless, since the original test position for THOR-50M is the middle setting on
the seat tracks, it seemed a reasonable choice. In preparation for potential later studies with
more anthropometrical con�gurations and backrest angles, a reproducible seating procedure
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was de�ned. In the following procedure, �near� means3 mm to 10 mmorienting on typical
shell thicknesses, given the modelling on the shell’s mid-surface. The procedure contains the
steps:

1. Perform the initial ATD pre-positioning (keep all internal angles constant).

(a) H-point Y-coordinate in seat-lane (387 mm for passenger in the Honda Accord).

(b) ATD sagittal plane equals vehicle’s X-Z-plane.

(c) ATD direction of view in driving direction (negative X).

(d) Rotate pelvis around Y-axis until the back (line of pelvis and thorax) parallel to the
seat’s backrest.

(e) Translate the ATD in X- and Z-direction until the ATD back is near to the seat’s
backrest.

(f) Translate the ATD in X- and Z-direction along the seat’s backrest until the pelvis is
near to the seat’s sitting-pillow.

2. Adjust the legs iteratively, until:

� Heels are on the �oor, and

� Feet are parallel to the carpet-wall and as near as possible to the carpet wall.

3. Rotate arms around the respective shoulder-joints Y-axis to 23°.

4. Adjust the elbow joint until the hands and knees are approximately in one line.

5. Rotate the neck bracket around Y as near as possible to �head is in water�.

6. Check minimum distance for all surrounding interior components.

After determining the ATDs position and inner angle, the marionette method was used to
generate the positioned model. The method is implemented in the software ANSA. In an initial
position of the ATD, landmark points like elbow and knee are moved to the desired position.
For this work, a force-based de�nition was used.

The overall procedure oriented on typical processes as they are for example de�ned by Euro
NCAP (2023c). Following the new procedure, the HIII-50M now deviates from the posi-
tion during the simpli�cation steps. During those steps, the comparability was paramount.
Consequently, it was attempted to position the HIII-50M as close as possible to the THOR-50M.

In summary, the changes did not alter the vehicle model. Hence, the validity status of the
simpli�cation chain would not be compromised. All changes were within the usual scope of
optimization of the restraint system. However, the response of the reference HIII-50M will be
altered.
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3.2.11.2 Result of Preparing FE-model for Data Generation

In �gure 3.35, the new sitting position is compared to the previous one. The previous position
was related to the THOR-50M, while the new one is the result of the de�ned procedure. The
most apparent difference is the head position nearer to PAB and levelled in the global X-Y-plane.
Second, because of the different pelvis positioning strategy, the new knees are signi�cantly
further away from the dashboard.

Figure 3.35: Initial Sitting Position of HIII-50M from Simpli�cation Chain (violet) and from
Sitting Procedure (turquoise)

In �gure 3.36 on the facing page, the effect of the different vehicle-pulse application approach
is shown for the FWB load case. Minimal deviation can be recognized for the X-acceleration.
The minor oscillations around zero in the Y-acceleration are with the alternative approach
removed. In the simpli�cation chain, the acceleration was applied using multiple locations
corresponding to the recording nodes in the initial full-crash FE-model. In the new FE-model,
the parametrized acceleration signal was applied directly to the vehicle’s CoG.

The seatbelt signals in �gure 3.37 on the next page show a high similarity for the shoulder
seatbelt but reveal a higher slack in the lap part. The retractor pulls more seatbelt from the lap
through the seatbelt-buckle. The lap seatbelt force peak is ca.4 kN higher due to the initially
higher distance of the knees to the dashboard’s knee bolster and the further located pelvis.

Only minimal deviation can be observed between both airbag characteristics in �gure 3.38 on
page 118. The slightly later in�ator activation and the different sitting position seem to result
in a more homogeneous airbag unloading.
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Figure 3.36:BIW Kinematics at Vehicle CoG in Full Width Barrier (FWB) Load case for Final
FE-model versus Last FE-model of Simpli�cation Chain

Figure 3.37: Seatbelt Characteristics in Full Width Barrier (FWB) Load case for Final
FE-model versus Last FE-model of Simpli�cation Chain and CFC 60

117



Figure 3.38:PAB Characteristics in Full Width Barrier (FWB) Load case for Final FE-model
versus Last FE-model of Simpli�cation Chain and CFC 60

Figure 3.39 on the next page compares the ATD kinematics. Only minimal changes are
observable in the local Z-displacements. The head appears to be more restrained; the X-
acceleration is slightly higher, while the X-displacement is ca.80 mmless. The higher restraint
is also re�ected in the minimum distance between the head and the dashboard. In the �nal
FE-model version from the simpli�cation chain, the rest depth of the airbag was approximately
50 mm and in the new model ca. 65 mm. Corresponding with the higher distance of the knees
to the dashboard, the pelvis accelerations are signi�cantly higher.

The comparison of the three ATD sizes is displayed in �gure 3.40 on page 120 for the FWB
load case. The X-accelerations of the heads have all a peak around95 mswith ca.50g. The
local maximum X-displacements were sorted by the ATD sizes. No clear tendency was found
in the pelvis Z-acceleration. The effects of the longer upper legs of the HIII-95M and the lower
weight of the HIII-05F compared to the HIII-50M both reduce the maximum Z-acceleration.

In summary, especially the new sitting position in�uenced the kinematics of the HIII-50M. The
effect of the higher distance of the knees to the dashboard seemed dominant. The FE-model
appeared numerically stable and the restraint system functional for the additional percentiles.
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Figure 3.39: ATD Kinematics in Full Width Barrier (FWB) Load case for Final FE-model
versus Last FE-model of Simpli�cation Chain
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Figure 3.40: Comparison of HIII-05F, HIII-50M, and HIII-95M in Full Width Barrier (FWB)
Load case
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3.3 Alternative Model Generation � VIRTHUMAN

3.3.1 Motivation and Approach
For the potential application of transfer learning strategies, another more complex human
surrogate FE-model should be used. A metamodel, trained on an extensive database �lled
with FE-simulations from one Anthropomorphic Testing Device (ATD) FE-model, should be
used to be tuned on a smaller database with FE-simulations with a complex human surrogate.
Natural candidates would be the Test Device for Human Occupant Restraint (THOR), or a more
detailed version of the Hybrid IIIs (HIIIs), or Human Body Models (HBMs). THOR and the
highly detailed HBMs like Total Human Model for Safety (THUMS) seemed computationally
expensive for this work’s purpose. The more detailed HIII FE-model could be somewhat
too similar to the used HIII version. In contrast, the fast calculating but as HBM classi�ed
VIRTHUMAN (VHUM) seemed to be a suf�cient example. The VHUM FE-model was
introduced in section 2.1 on page 25.

To be useable in any transfer learning application, the metamodel input-space should be similar
to the one it was originally trained on. Consequently, the VHUM FE-model should be seated
in a similar vehicle environment. Since the VHUM FE-model exists only within the software
Virtual Performance Solution (ESI) (VPS) but the above described FE-model was developed
in Livermore Software technology corporation DYNA (LS-DYNA), the FE-model had to
be translated between both software packages. The concept for the transfer between both
FE-models are shown in �gure 3.41.

Figure 3.41: Concept of Transfer Learning between HIII and VHUM of the Example of
Feature Attributes Regression for the 5th Percentile Human surrogate

A second approach was inspired by the work presented by Plaschkies (2023). Instead of using
the complex FE-model version as the reference, the simpli�ed one should take its place. In
this case, the Hybrid III 50th Percentile Male Dummy (HIII-50M) should be used to estimate
the results of FE-simulations with VIRTHUMAN 50th Percentile Male Human Body Model
adapted to HIII-50M (HIII-50M). The other combinations of percentiles are imaginable, too.
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The FE-model translation was carried out in the frame of the EU project AWARE2ALL1 in
collaboration with the ESI Group2. The author provided the initial FE-model and guidance in
the validation approach. ESI facilitated the actual translation. Since both partners used different
FE-simulation tools, no partner had full access to the detailed data from the FE-models of both
software packages, limiting the explainability of observed effects.

In the �rst step, the vehicle FE-model was exchanged and translated. The HIII-50M FE-model
was taken from the ESI in-house pool. The FE-simulation results from the LS-DYNA and
VPS FE-models were compared and the factors of the VPS were adjusted to �t to the LS-
DYNA reference. First the vehicle-pulse was matched, then the restraint system and �nally
the ATD response. After achieving a satisfactory correlation, the HIII-50M was replaced by
VHUM-50M. The validation process was carried out in the Full Width Barrier (FWB) load
case.

3.3.2 Validation of the VPS FE-model with HIII-50M
The pulse comparison in �gure 3.42 on the facing page showed a perfect correlation between
the model in LS-DYNA and in VPS. In both FE-models, the vehicle-pulse was applied to
the rigid Body In White (BIW) on its Centre of Gravity (CoG). The constraining algorithms
seem to lead to the same result in both software packages, given the identical constraining
vehicle-pulse.

The next validation step was regarding the seatbelt system. The comparison is displayed in
�gure 3.43 on the next page. Well-matched are the load limiter plateau and the shoulder seatbelt
B3-force as de�ned in section 2.1 in �gure 2.1 on page 8. For the retractor, a simple bar-model
was implemented in the VPS FE-model. In contrast, in LS-DYNA, the seatbelt tensioning was
modelled with a force impulse. The impulse resulted in the retractor peak while the bar applied
a constant force. The peak is more in line with a real retractor. However, for the scope of the
study, the manifested force plateau seemed more relevant.

The comparison of the seatbelt routing explained the ca.70 mmhigher seatbelt pull-in at
tensioning. In the VPS FE-model, the seatbelt was, especially in the lap area, routed tighter
to the body’s surface than in the LS-DYNA FE-model. Since in both cases the slack was
completely pulled out, the difference was not interpreted as problematic.

The different retractor modelling and seatbelt slack can explain the faster coupling of the
ATD to the seatbelt in the VPS FE-model. Due to limited insight to the VPS FE-model, the
differences in the lap seatbelt forces could not be fully explained by the author. The analysis of
the pelvic-kinematics below hinted to a stiffer seat cushion or ATD pelvis rubber in the VPS
FE-model.

1https://aware2all.eu/
2https://www.esi-group.com/
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Figure 3.42:Vehicle-pulse in Full Width Barrier (FWB) Load case at BIW CoG with LS-DYNA
versus VPS FE-model

Figure 3.43: Seatbelt System in Full Width Barrier (FWB) Load case with LS-DYNA versus
VPS FE-model using HIII-50M and CFC 60
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The most challenging task was the translation of the Passenger Airbag (PAB) FE-model. Both
software packages utilize different algorithms. In the �nally accepted FE-model, displayed
in �gure 3.44, the initial gas mass in the pre-in�ated airbag was higher in the VPS FE-model.
This was balanced with lower in and out mass �ows and the slightly lower temperature. The
most important characteristics considered were the pressure and volume in the working time
window around60 ms. Here, the pressure was well-matched. The volume in the LS-DYNA
FE-model was slightly higher.

Figure 3.44: PAB Characteristics in Full Width Barrier (FWB) Load case with LS-DYNA
versus VPS FE-model using HIII-50M and CFC 60

In �gure 3.45 on the facing page the ATD kinematics at head, chest, and pelvis is displayed
as acceleration and relative displacement in X- and Z-directions. The chest kinematics are
well-matched. The head displacements are matching until100 ms. From there on, in the
rebound phase, the LS-DYNA HIII-50M seems to pull back the head as a horizontal motion,
while the VPS one moves on a more circular path. The pelvic accelerations, especially in
Z-direction, were higher. One reason can be a less restraining seat in the VPS FE-simulation.
The LS-DYNA ATD experiences ca.30 mmhigher displacement, which results in a harder stop
on the seat’s structure.

In summary, the FE-model was successfully translated from LS-DYNA to VPS. Most dif-
ferences between the FE-models in LS-DYNA and VPS could be reasoned. The remaining
uncertainties are due to the different HIII FE-models and the limited insight of the project
partners in the respective FE-model. Ultimately, the partners accepted the differences.

124



Figure 3.45: ATD Kinematics in Full Width Barrier (FWB) Load case with LS-DYNA versus
VPS FE-model
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3.3.3 Introduction of VIRTHUMAN to the VPS FE-model
The next step was the introduction of the HBM VHUM-50M. The kinematics responses are
displayed in �gure 3.46 on the next page. The heads’ X-acceleration is overall similar, but
the initial restraint seemed approximately10 msdelayed. The Y-accelerations are similar.
In agreement with the later head deceleration, the VHUM-50M local head-displacement is
ca. 100 mm higher.

For the chest accelerations, similar relationships as for the head were observed; only the timings
of the chest X-acceleration seemed better aligned. The pelvis accelerations in Z-direction are
well aligned, but the VHUM-50M experiences ca.25g higher peak-deceleration. Additionally,
the pelvis restraint appears to be effective for the HIII-50M signi�cantly earlier. The differences
in the local Y-displacement re�ect the higher �exibility of the VHUM model regarding torsion
of the thorax. The HIII-50M remains approximately within its sagittal plane during the forward
motion in the straight FWB load case. In contrast, the VHUM-50M bends around the thorax
seatbelt.

In �gure 3.47 on page 128 the VIRTHUMAN 5th Percentile Female Human Body Model
adapted to HIII-05F (HIII-05F) and VIRTHUMAN 95th Percentile Male Human Body Model
adapted to HIII-95M (HIII-95M) were introduced. Similar to the three HIIIs, the pelvis
accelerations for the VHUM-50M were highest, followed by the VHUM-95M. The tendencies
for the local X-displacements are the same also, since the HBM mass is the primary cause here.
Only small differences were observed in the head X-acceleration.

In summary, for the HIII-50M and the VHUM-50M, similar kinematics were observed. The
most signi�cant differences originate from the more �exible spine of the VHUM-50M. The
tendencies between the VHUM-05F, VHUM-50M, and VHUM-95M were found similar to
the tendencies between Hybrid III 5th Percentile Female Dummy (HIII-05F), HIII-50M, and
HIII-95M.
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Figure 3.46: Kinematic Comparison in Full Width Barrier (FWB) Load case with HIII-50M
versus VHUM-50M
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Figure 3.47: Kinematic Comparison of VHUM-05F, VHUM-50M, and VHUM-95M in Full
Width Barrier (FWB) Load case
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3.4 Database Creation

3.4.1 Factor Selection for the Designs of Experiments
For a Design of Experiments (DoE), from all options to vary the vehicle setup, it is important to
select meaningful factors and their varied ranges. In the given FE-model, variations are possible
but require different degrees of complexity. Varying the mass-�ow of an airbag or the force
levels of a constant of switchable load limiter can be achieved by a direct parameter. A variation
of the shape and volume of an airbag would require a parametrized morphing technique.

The author’s selection was guided by the expected in�uence of the variations on the Anthropo-
morphic Testing Device (ATD) response. The airbag shape is known to in�uence the kinematics
of ATD. However, this in�uence is dif�cult to quantify. For that reason, the more direct potential
factors were preferred. Furthermore, the variation of the restraint system was in focus. Other
characteristics like the cushion stiffness of the seat may in�uence the ATD responses, but are a
fundamental part of the ergonomics and comfort and therefore not a primary variable for the
restraint system development unless the safety is not compromised.

The variations were limited to three fundamental areas of passive safety: the vehicle’s crumble
zone, the airbag, and the seatbelt system. From an ATD perspective, the characteristics of
the crumble zone are de�ned as the vehicle-pulse with the6Degree of Freedoms (DoFs). A
clear and direct in�uence can be expected, especially from scaling the prescribed translational
X-motion and the rotation around the global Z-axis. As described above on page 114, a simple
way of implementing such a variation would be via factors for the vehicle-pulse scaling and
initial Z-rotation of the Body In White (BIW).

The seatbelt system as it exists in the FE-model has manifold potential factors like the material
properties. Another pair is the time of tensioning and the force with which the seatbelt is pulled
in. The next characteristics are the seatbelt load limiting level or the multiple limiting levels in
case of a Switchable Load Limiter (SLL) with its switching timings. Ultimately, the maximum
pull-out from the retractor can be considered.

An SLL is complex to balance with the frontal airbag and its effect depends on this balance.
Hence, it was decided to limit the retractor capabilities to a single load level. Second, the
activation time of the retractor is vehicle-pulse dependant. An irreversible system can only
be activated, when the algorithms are sure about the crash event based on sensor data. Con-
sequently, the time-to-�re is usually not part of the restraint system optimization loop and,
therefore, not considered a factor in this work.

Because the webbing material and the maximum pull-out length are usually due to technical
constraints de�ned, they were not considered either. Ultimately, the scaling value for the
vehicle-pulse, the initial vehicle rotation, the force level limiting the seatbelt force, and the
mass-�ow scaling value for the in�ator plus the opening time of the adaptive vent of the airbag
were selected as factors.
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The neutral setting of the �ve selected factors was the con�guration of the developed and
adjusted FE-model from see page 114 ff. The individual value-range of each factor was
determined by experience and trial simulations. The SLL is commonly set at a level that leads
to a shoulder seatbelt B3-force of4.5 kN. The energy scaling of vehicle-pulse uses the original
vehicle-pulse as the base. The rotation of the vehicle-pulse assumes a non-skew motion as
the base and a skewness as the factor range, corresponding to the above considered Offset
Deformable Barrier (ODB) load cases. The Passenger Airbag (PAB) mass-�ow base setting is
the result from the tuning of the restraint system above. The �nal factors with their naming and
value ranges are summarized in table 3.4.

Table 3.4: Factors and Factor Ranges

Factor Unit Minimum (-1) Middle (0) Maximum (1) Description

PABSCAL 1 0.9 1.0 1.1 Scaling of in�ator in-mass-�ow
PABVENT s 0.07 0.1 0.13 Start of additional out-mass-�ow

PSCAL 1 0.8 1.0 1.2 Scaling of vehicle-pulse
ALPHA ° -10 0 10 Initial Z-rotation of vehicle-pulse

SLL kN 2.14 2.34 2.54 Seatbelt force limiting level

To assess the individual in�uence of factors and to ensure a reasonable variation within the
ATD response, each factor was altered over3 levels while keeping the other factors constant.
The results of the in total33 FE-simulations are presented in �gure 3.48 on the facing page.
Each row represents another factor with its3 levels on the X-axis. Each column contains a
selected injury-criterion on the Y-axis, normed by a given reference. The individual effects of a
factor in the nominal setting�1 , 0 and 1on a particular injury-criterionI were calculated, like
de�ned by

Effect = max
"

jI (� 1) � I (0)j; jI (0) � I (1)j; j
I (� 1) � I (1)

2
j
#

, (3.4)

as the maximum slope. Each line colour in the �gure is associated with an ATD percentile,
and the value behind the legend entry is the effect. The Head Acceleration over 3 ms Criterion
(HAC3) was selected to represent effect in the head, the Neck Injury Criterion (Nij) for the
neck, the Chest Acceleration over 3 ms Criterion (CAC3) and Chest De�ection Criterion (CDC)
the chest, and the Femur Compression Force Criterion (FCC) effects in the femurs. The
injury-criteria were normalized by the related biomechanical threshold value as indicated in the
�gure and in relation to table 3.3 on page 113 in section 3.2.
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Figure 3.48: Factor In�uences on Selected Injury-criteria with HIII-05F (Blue), HIII-50M
(Orange), HIII-95M (Green)
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In general, for all factors, signi�cant changes within the responses of at least one ATD were
observed. The highest effect had the scaling of the vehicle-pulse by the factorPSCAL. With
higher energy in the system, the values of all injury-criteria increase. Smaller but clearer effects
were observed for the initial rotation controlled by the factorALPHA. For the early opening time
of the adaptive vent controlled by the factorPABVENT, a hit through the PAB on the dashboard
of the Hybrid III 50th Percentile Male Dummy (HIII-50M) and Hybrid III 95th Percentile Male
Dummy (HIII-95M) were recorded. In addition, the CDC showed a clear effect. The SLL
variation by the factorSLL showed a small effect, but no clear trend.

In summary, the selected factors had a clear in�uence on the inspected injury-criteria. The
extreme edge cases were computed to check the stability. For the combination of a skew,
high-energy vehicle-pulse with a soft restraint system, all simulations ran stable.

3.4.2 Data Generation by Designs of Experiments
After selecting the factors and determining their ranges, DoE had to be de�ned. In section 2.3
on page 59 ff were common methods introduced. A typical experiment generation method,
which precisely covers the edge cases, is the discrete all-vs-all full factorial algorithm. A better
coverage of the space can be achieved by the semi-randomly and continuous algorithm, by the
Latin Hypercube approach and the Sobol algorithm.

The Sobol algorithm was selected for the main database because of

i the good coverage of the factor space,

ii the possibility to incrementally increase the factor value-density, and

iii the possibility to add new factors was not a priority.

Using the FE-model from section 3.2 on page 114 ff, the Sobol algorithm and the factors with
their respective ranges de�ned in table 3.4 on page 130 resulted in8192experiments. Repeating
each experiment per each of the three percentiles led to in total,24 576FE-simulations. This
database will be hereafter referred to as thedevelopment-set. The resulting database was made
available by Plaschkies (2024f). The size of the database was mainly limited by the available
resources.

As an alternative approach to the Sobol algorithm, the full factorial algorithm was applied to
generate analternative development-set. The factor ranges were the same as before, just
now each factor was treated as discrete instead of continuous. For5 factors with5 levels,
3125experiments were generated and made available by Plaschkies (2024d). This alternative
development-set was motivated by the better coverage of edge cases and by the possibility to
have a comparison to the Sobol method.

For the testing-set, the FE-model version at the introduction of the Hybrid III (HIII) in
section 3.2 on page 98 ff was selected from the simpli�cation chain. The varied factors were the
same as before, but their ranges broadened by10 %. Due to the wider ranges, the extrapolation
performance of metamodel can be assessed. As an exception, the range of the factorALPHA
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was kept the same. Since there were already instabilities such as the sliding seatbelt position
observed for the skew cases, it did not seem bene�cial to increase that lateral kinematics
even more. By choosing a different FE-model than the metamodel was trained on, the whole
process, including simpli�cations, can be evaluated. The testing-set can be smaller than the
development-set. A number of experiments of256was selected. The resulting database was
made available Plaschkies (2024e).

The last dataset was generated using the FE-model containing the VIRTHUMANs (VHUMs)
from section 3.3 on page 121 ff. The factor ranges of thistransfer-setwere de�ned the same
as in the development-set. Because in the FE-model comparison, the VIRTHUMAN 50th

Percentile Male Human Body Model adapted to HIII-50M (HIII-50M) responses were roughly
correlated with those of the HIII-50M, similar response ranges in the transfer-set and the
development-set were expected. By the project partners who generated that last dataset, the full
factorial approach was selected. The main motivation was the superior coverage of the edge
cases. The number of experiments was limited by the available resources and oriented on the
testing-set. Due to the speci�cs of the full factorial method,243experiments were generated.
The resulting database was made available by Plaschkies and Müller (2024). Due to tuning of
the FE-model for the Virtual Performance Solution (ESI) (VPS) environment, the numerical
values of the factors differ from those of the alternative development-set. Yet, the3 levels of the
DoE correspond to the minimum-, maximum-, and mid-values of each factor of the alternative
development-set.

After the data generation, the development-set had8192experiments, the testing-set contained
256experiments, and the transfer-set243experiments. The alternative development-set featured
3125experiments. Each experiment was repeated for the three percentiles of the respective
human surrogate corresponding to the ATD sizes as FE-simulation.

3.4.3 Data Analysis and Summary Statistics

3.4.3.1 Applied Methodologies for Data Analysis and Cleaning

The generated FE-simulations were checked as a �rst step for an irregular termination type.
For a few cases, restarting the FE-simulation with a different number of parallel processes was
necessary due to light numerical instabilities. Ultimately, all FE-simulations except for2 in
the testing-set ran successfully. The two exceptions had both a very low value for the factor
PABVENT. This early opening of the adaptive vent resulted in a collapse of the PAB while the
ATD head was still in contact with the airbag fabric. However, both the FE-simulations aborted
around130 msand the sensor signals seemed normal. Hence, the two cases were kept in the
database and their missing 10 ms was set constant from the signals’ end values.

Usually, relevant numerical instabilities within a particular FE-simulation re�ect in the ATD re-
sponses; the result differs from the expectation. Thus, in a database, suspicious FE-simulations
can be detected if the factor values in the DoE are dense. Consequently, screening the values
of typical injury-criteria would give a rough idea. For the screening, the European New Car
Assessment Programme (Euro NCAP) criteria de�ned in section 2.1 on page 34 ff and addi-
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tionally the Chest Acceleration over 3 ms Criterion (CAC3) were evaluated. The added chest
acceleration was motivated by �tting to the evaluated channels during the simpli�cation efforts.

Below, only the analysis of the development-set is presented. The steps and �ndings for the
other sets were similar, and the detailed �gures are provided as a digital supplement in the
respective repository.

For each dataset, a letter plot as introduced in section 2.2 on page 2.2.5 was generated. There, the
extreme statistical outliers determined were the Interquartile Range (IQR) method introduced
in section 2.2 on page 55. The extreme outliers are indicated in red. In addition, the experiment
IDs of the letter plot’s �iers were provided. To be suspicious, the evaluated FE-simulation
had to be an extreme outlier by the IQR method and the letter plot, and subjectively far from
the next FE-simulation. For the suspicious FE-simulations, the related channels were checked
in the context of the ten highest other FE-simulations. If a physically plausible reason could
be identi�ed, the FE-simulation was kept, representing the non-linearity of the system. Else,
a numerical or model artefact was assumed as a cause, and the experiment was not further
considered.

3.4.3.2 Analysis of the Development-set

In �gure 3.49 on the facing page, the distributions for the development-set were plotted. For all
injury-criteria, the extreme outliers are in the high-value range. One exception are the values of
the CAC3 for the Hybrid III 5th Percentile Female Dummy (HIII-05F). Due to the occurrence of
the seatbelt slipping of the seatbelt towards the neck in some cases, the seatbelt did not load the
chest. The neck and head related criteria for the HIII-50M and HIII-95M are affected by the
hits though the PAB on the dashboard. A high number of extreme outliers were identi�ed by the
IQR method. However, a hit-through cannot be considered a numerical effect or a modelling
artefact. This interpretation is supported by the high density of the high values. Suspicious
are only those FE-simulations, whose injury-criteria are with a distance from the others. The
characteristics highlighted below were selected because they were signi�cantly different to the
peer group of FE-simulations.

From thehead accelerationrelated injury-criteria, the Head Injury Criterion for up to 15 ms
(HIC15) and Head Acceleration over 3 ms Criterion (HAC3), for the HIII-05F, the IDs102, 600,
1388 and 5100 were identi�ed as not plausible. Figure 3.50 on page 136 shows the 4 dropped
signals in comparison to the normal FE-simulations. All affected FE-simulations had a sharp
peak of the head accelerations in all directions around100 ms. Due to its size, the HIII-05F
does not reach the dashboard. Hence, a sharp peak is likely to be caused by a modelling artefact
or instability.
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Figure 3.49:Letter-value-plots of Raw Data from Development-set with8192FE-simulations
per Percentile with Extreme Outliers (red) and Suspicious IDs
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Figure 3.50: Head Acceleration Channels Related to Highest 20 Values of HIC15 and HAC3
for HIII-05F and HIII-95M with Dropped IDs (continuous) and up to8 Reference
IDs (dashed)

As described above, both bigger ATDs suffered from the risk hitting through the PAB on
the dashboard. Consequently, many FE-simulation reported head accelerations far above
the biomechanical limits. This behaviour seemed plausible. The ID2063of the HIII-95M
was an exception as presented in �gure 3.50. In the other inspected FE-simulations, the
maximum resultant acceleration was mainly in�uenced by the X-acceleration. In this particular
FE-simulation on the other hand, the peak occurred in the Z-direction.

Theneck loadswere found to be for all HIIIs within a reasonable range. When interpreting
the channel overview in �gure 3.51 on the next page, it must be considered that for the injury-
criteria not all load-directions are relevant (see section 2.1, page 34 ff). For the HIII-05F, the
ID 5739 was dropped due to peaks early in the crash. Additionally, the IDs 68 and 6320 were
neglected due to an unusual drop of the neck moment around120 ms. For the HIII-95M, the
ID 2206was dropped because of an unusual increase in the neck extension moment after130 ms.
The ID 2063of the HIII-95M was dropped too, due to very low Z-forces in the neck during
the main restraint phase and a subsequent overly high increase of that force. This behaviour
deviates signi�cantly from all other cases and hints at a not properly working restraint system.
No ID was dropped from the HIII-50M FE-simulations because the signals in �gure 3.51 do not
deviate signi�cantly and are in alignment with the signals from the HIII-95M. Consequently, a
hit through the airbag on the dashboard seems a valid assumption.
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Figure 3.51: Neck Load Cell Channels Related to Highest 20 Values of NEC, NSC and NTC
for HIII-05F, HIII-50M and HIII-95M with Dropped IDs (continuous) and up to
8 Reference IDs (dashed)

For thechest acceleration, the CAC3 indicated the insuf�cient FE-simulations shown in
�gure 3.52 on the following page. For the HIII-05F, the ID5739was again identi�ed due
to a sharp peak around50 ms. The IDs926 and 1020were dropped from the HIII-50M FE-
simulations because of oscillations in the acceleration signals with a peak-to-peak amplitude
over 150g, being three times higher than in most FE-simulations. In both IDs, unusual
oscillations in the chest de�ection signal were observed too. Finally, the IDs2063 and 2229
were dropped from the HIII-95M FE-simulations. The reasons were sharp and high peaks after
100 ms.
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Figure 3.52:Chest Acceleration Channels Related to Highest20Values of CAC3 for HIII-05F,
HIII-50M and HIII-95M with Dropped IDs (continuous) and up to 8 Reference
IDs (dashed)

The extremely lowchest de�ectionof few HIII-05F FE-simulations due to the seatbelt slip had
to be considered as a nonlinearity. However, there was a gap in the points around10 mm. This
gap motivated to drop the6 IDs with a chest de�ection lower than10 mm. The IDs3687, 3848,
4720, 5665, 5733, 6802 and 7533were the affected FE-simulations. In �gure 3.53 on the next
page it can be observed that for those IDs the chest de�ection signal does not increase after the
coupling like it would be expected when the seatbelt is located near the sensor-point.

Due to thefemur loads represented by the FCC, the ID3673was removed from the HIII-05F
FE-simulations and the IDs926 and 1020from the HIII-50M FE-simulations. In the HIII-05F
FE-simulation, a sharp negative peak in the left femur force at115 mswas observed. Similar,
but of the right femur were the observed signals of the HIII-50M. Figure 3.54 shows, how
heavily the suspicious FE-simulations deviate from the others with high femur loads.
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Figure 3.53:Chest De�ection Channel Related to Lowest20Values of CDC for HIII-05F with
Dropped IDs (continuous) and up to 8 Reference IDs (dashed)

Figure 3.54: Femur Load Cell Channels Related to Highest 20 Values of FCC for HIII-05F,
HIII-50M and HIII-95M with Dropped IDs (continuous) and up to 8 Reference
IDs (dashed)
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In total, 15 FE-simulations from the HIII-05F,2 FE-simulations from the HIII-50M, and
3 FE-simulations from the HIII-95M were dropped. The drop rate is equal to a maximum
drop fraction of 0.2 % per percentile and 0.1 % of the total database. In �gure 3.55 is the �nal
cleaned Development-set shown.

Figure 3.55: Cleaned Data as Injury-criteria from Development-set

3.4.3.3 Analysis of the Alternative Development-set

In the alternative development-set,7 FE-simulations with the HIII-05F and3 FE-simulations
with the HIII-95M were dropped. The causes of the drop were similar to those mentioned
above, the implausible peaks in the head accelerations and the very low values of CDC of the
HIII-05F, and the sharp peaks in the HIII-95M chest acceleration after 100 ms.

During the data analysis, one major drawback of the full factorial method in comparison
with the Sobol algorithm was con�rmed. The factorPABVENT did not in�uence the HIII-05F
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responses in the two higher levels. This insight is in accordance with the factor pre-study in
�gure 3.48 on page 131. FE-simulations, whose only difference was in the factorPABVENT in
the two upper levels, were found identical. The literature calls this pseudo-repetition (compare
Siebertz et al., 2017).

3.4.3.4 Analysis of the Test-set

In the testing-set,15FE-simulations with the HIII-05F,8 FE-simulations with the HIII-50M,
and2 FE-simulations with the HIII-95M had to be removed. Again, the reasons were similar as
above.

In �gure 3.56 on the following page are the data distributions of the development-set and the
testing-set compared. The Y-axis is shared for each injury-criterion over the three percentiles.
The shown value ranges of each criterion were determined by the minimum and maximum
values from the testing-set. The full data of the development-set was shown in �gure 3.55
on the preceding page. The factor ranges were broader in the testing-set. Furthermore,
lateral protection was part of the testing-set FE-model by the door and Curtain Airbag (CAB).
Consequently, less overly high head acceleration and a broader spread of the system’s responses
were expected. On page 111 were the two FE-models directly compared. The analysed
differences are expected to be re�ected in the median of both datasets.

The �rst look at �gure 3.56 on the following page con�rms the expectation of HIC15 and
HAC3 in the testing-set. The median for all HIII percentiles for the HAC3 were found to be
approximately10g higher in the testing-set than in the development-set. The accelerations
were found in the direct single comparison slightly higher, too. The stronger difference can be
due to the adjusted restraint system. Across the three ATD sizes, the head, and neck loads were
found to be increasing with the ATD size.

The values of Neck Extension Moment Criterion (NEC) were similar for the HIII-05F and
HIII-50M between the two datasets. The HIII-95M NEC values were in median ca.10 kN
higher for the testing-set. A reason can be the more effective lateral restraint, leading to a
stronger back bending of the ATD head. The values of Neck Tension Force Criterion (NTC)
were found to be1 kN to 3 kNhigher in the testing-set for all ATDs. In contrast, the Neck
Shear Force Criterion (NSC) values were quite similar. The higher extreme values in the
development-set are height and cause in agreement with the head acceleration.

The CAC3 values were within the expected result. The spread in the testing-set was a bit
wider, while the median remained similar. The direct FE-model comparison indicated stronger
differences, yet not with a clear tendency. The CDC value distribution did not vary signi�cantly
for the HIII-05F in the testing-set. The higher median hints at a more stable seatbelt location.
The Chest Viscous Criterion (CVC) values were comparable between the databases.

The approximately2 kN lower values of FCC of the simpli�ed FE-model were re�ected in
the development-set for the HIII-50M, too. The different forces were mainly reasoned by the
different stiffness distribution of the dashboards of both FE-model versions. With the increased
masses and upper leg lengths of the ATDs the femur forces increase.
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Figure 3.56: Data Distribution of Development-set vs Testing-set for Selected Injury-criteria
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3.4.3.5 Analysis of the Transfer-set

In the transfer-set,7 FE-simulations with the VIRTHUMAN 5th Percentile Female Human
Body Model adapted to HIII-05F (HIII-05F) had to be removed. The reason was, again, very
sharp peaks in the head acceleration after 100 ms.

As a reason for the sharp peaks, the hit of the head on the dashboard was identi�ed. While
the kinematics, shown in �gure 3.57, does not appear to be completely implausible, it can be
classi�ed as a modelling artefact. No real restraint system would be accepted, if the smallest
Human Body Model (HBM) in the tested factor range hits the dashboard with its head. For that
reason and the dropped FE-simulations being extreme outliers, the removal seemed justi�ed.
The effect was observed for high values of the factorPSCAL in combination with a low value of
the factorSLL.

Figure 3.57: VHUM-05F Kinematics with High-energy Vehicle-pulse and Low Seatbelt
Restraint (left) and Head Acceleration (right) Related to Highest 20 Values of
HIC15 and HAC3 with Dropped IDs (continuous) and 5 Reference IDs (dashed)

In the �gure 3.58 on the following page, the results from the alternative development-set with
the HIII family and the results from the transfer-set with the VHUM family are shown. The
expected general differences were discussed on page 121. Because not all factors contribute
equally to the human surrogate response, the experiments were matched. In the alternative
development-set, the factors were varied in5 levels. In the transfer-set on the other hand,
only 3 factors were used. For the �gure 3.58 on the next page, only those experiments of the
alternative development-set were used, which have an equivalent experiment in the transfer-set.

The head acceleration related criteria HIC15 and HAC3 were in a similar range in both databases.
In the transfer-set, the hits on the dashboard seem to cause less high peaks.

The neck responses NTC, NEC, NSC of the 5th percentiles were in a similar range. For the
bigger VHUMs, no clear trend was observed. Due to the more �exible thorax of the VHUM,
differences, especially in the FE-simulations with higher lateral vehicle-pulse, were expectable.
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Figure 3.58:Reduced Alternative Development-set vs Transfer-set for Selected Injury-criteria
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The CAC3 values were lower for all HBM sizes in the transfer-set. For the CDC and CVC
values, the opposite was the case. Again, the higher �exibility of the thorax would lead to
higher compression, too. The tendency of the CDC values to increase with the VHUM size
was observable in both datasets.

The FCC values are strongly dependent on the upper leg length and the location of the contact
between the knees and the dashboard. Consequently, the results for the HIII and VHUM
FE-models differ signi�cantly. The HIII FCC values increase with the VHUMs size. The
VHUM femur loads, on the contrary, decrease.

3.5 Summary and Discussion on the Data Generation
The above described procedure can be interpreted as a methodology to simplify FE-model
reasonably. The key steps were (i) de�ning the targeted level of quality of the FE-model and
its acceptable computational cost, (ii) selecting the initial FE-model, (iii) analysing the initial
FE-model regarding computational cost and numerical stability, and (iv) applying incremental
simpli�cations to the FE-model in a pre-de�ned manner until the targets are met.

The database generation was conducted by executing the steps by starting (i) de�ning the
targeted size and complexity, then (ii) selecting the factors and their respective ranges, while
(iii) ensuring the factors generate variance in the data and the FE-model runs stable, ultimately
(iv) de�ning the Design of Experiments (DoE), and (v) conducting the FE-simulations. In the
�nal step, (vi) the database is cleaned and analysed.

The selection of the initial FE-model, or even the preceding step of selecting the appropriate
simulation method, imposes indeterminable risks. In particular, the simpli�cation efforts are
prone to become signi�cantly more complex than anticipated. In the incremental approach,
each step results in a working FE-model version. Changes in the order or strategy of the
measure due to unforeseen challenges can be implemented in the chosen approach.

The biggest advantage of the incremental approach is the trackability of a single measure’s
impact. The utilized ISO-rating provided a valuable overview of the areas of interest. However,
in future use, the ISO-rating should be calibrated to the particular use-case. In this study,
the default settings were used. Signals of low magnitude like such from the kinematics in
Y-direction seem to rate overly strict. At the same time, key characteristics for the injury
assessment like maxima were obfuscated by the averaging nature of the ISO-rating; this
holds true especially for the selected threshold of0.8associated with the ISO-grade Good. A
calibration of the ISO-rating parameters and weights can take such preferences into account.

In the context of the signal comparison, the chosen �lter class was relevant. Due to artefact
effects of the FE-model, the Channel Frequency Class (CFC)60 was chosen. This seemed
justi�ed, since for this study’s objective, the overall tendency was considered more important
than the analysis of minor effects.
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To compare and contextualize the vehicle-pulses, the Occupant Load Criterion (OLC) was used.
The default parameters for the Anthropomorphic Testing Device (ATD) displacements during
the unrestrained phase and the restrained phase were used unchanged. However, these settings
were developed for a particular vehicle. Rabus et al. (2022) proposed alternative approaches of
adjusting the original methodology to the actual vehicle. A second well-known limitation of
the OLC is the modelling of the ATD kinematics only within its sagittal plane. Consequently,
for vehicle-pulses with signi�ant lateral motion, the OLC is not meaningful. Although these
limitations should be known when interpreting the OLC, they seemed to be acceptable for the
insights sought in this research.

Two characteristics affected the quality of the database � (i) unwanted seatbelt sliding towards
the neck, and (ii) relatively low airbag pressure caused the partially very low values of Chest
De�ection Criterion (CDC) for the Hybrid III 5th Percentile Female Dummy (HIII-05F) and
high acceleration peaks, especially for the Hybrid III 95th Percentile Male Dummy (HIII-95M).
Both effects would not be accepted for a developed restrained system. However, they are
physically reasonable and can appear during the development process. In future use of the
discussed approaches, only FE-simulations with acceptable restraint performance should be
used in the database. Alternatively, if such cases should be kept, strategies must be developed,
to predict such effects.

The general seatbelt routing in the FE-model used for the databases can be improved. Within the
context of the presented research, no negative effect on the FE-simulation results were observed.
However, from the system development perspective, the seatbelt slack should be reduced. The
FE-simulations with VIRTHUMAN (VHUM) for the transfer-set were correlated with the
original FE-model with Hybrid III (HIII) and Livermore Software technology corporation
DYNA (LS-DYNA). Unfortunately, the limited insight in the respective FE-models of the
project partners reduced the depth of analysis.

The analysis and cleaning of the database seemed suitable. However, the high-level approach of
screening the values of the injury-criteria and analysing the output of related sensor, only for the
suspicious case, carries the risk of overseeing numerical artefacts. In the future work, a more
elaborate approach should be developed. For example, Wu and Hartmann (2020) proposed
an approach to assess the plausibility by storing an updated mean value and the standard
deviation of each response channel. If a new simulation deviates signi�cantly, the system sends
a warning. Recently, Kracker (2024) proposed a process of generalizing the �nite element
mesh as an intermediate step as a base for higher processing. This generalized representation
allowed the comparison of inner energies and the deformation mode over changing vehicle
geometries. Furthermore, the global energies should be monitored since they can indicate
numerical artefacts, too.

In summary, using the presented method, two development-sets, one testing-set, and one
transfer-set were generated for further use. During the cumbersome process, the methodology
proved usable and stable. The generated data was of acceptable quality and contained reasonable
variance for the subsequent machine learning tasks. The discussed limitations should be
considered if the approach is transferred to industrial use.
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4 Estimation of Di�erent Anthropometrics

In this chapter, different approaches for generating a suitable metamodel are studied. The
core scenario is the estimation of results from a FE-simulation using the Hybrid III 50th

Percentile Male Dummy (HIII-50M) as input and the HIII-05F or HIII-95M as output. Different
architectures are discussed and complemented by strategies to control the size of the database.
Furthermore, the transfer between ATDs and Human Body Models (HBMs) in the form of
VHUM is presented. The source code was published by Plaschkies (2024a), and the generated
metamodels by Plaschkies (2024b).

4.1 Description of the Used Architecture & Framework
The basic architecture was outlined in the initial problem statement of section 1.2 in �gure 1.3
on page 4 and is based on the idea of characterising a vehicle in all its properties implicitly.
As a result from the chapter 3, the Hybrid III (HIII) is used. Consequently, the Hybrid III
50th Percentile Male Dummy (HIII-50M) was used to assess a new environment. Its output,
determined by vehicle characteristics, restraint system, and load case, is used as the metamodel
input space. The Hybrid III 5th Percentile Female Dummy (HIII-05F) or rather the Hybrid
III 95th Percentile Male Dummy (HIII-95M) was used as the metamodel output space. The
metamodel itself is a mapping between these two spaces.

The selection of the predicted output oriented on the de�ned injury-criteria in Euro NCAP
(2023b) like presented in section 2.1 on page 34 ff. Following injury-criteria were selected:

� the Head Injury Criterion for up to 15 ms (HIC15),

� the Head Acceleration over 3 ms Criterion (HAC3),

� the Neck Extension Moment Criterion (NEC),

� the Neck Tension Force Criterion (NTC),

� the Neck Shear Force Criterion (NSC),

� the Chest De�ection Criterion (CDC),

� the Chest Viscous Criterion (CVC), and

� the Femur Compression Force Criterion (FCC).
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For classi�cation tasks, the limits from table 2.6 on page 36 were used. To generate the
multiclass classi�cation target attributes, �rst the limits of the injury-criteria were linear
interpolated for1 to 4points. Additionally, the threshold to reach1 point, respectively4 points
were buffered with10 %, 20 %, 30 %, 40 % and 50 %. The point-buffer-related intervals used to
derive the classes are presented in table 4.1. For the binary case, the threshold for the HIII-05F
is 4 points because this Anthropomorphic Testing Device (ATD) is used in the tests de�ned by
legal entities and consumer-oriented organizations. The HIII-95M is used primarily in a due-
care context, and hence the biomechanical limit seemed more appropriate. The more granular
multiclass thresholds were built on this logic, but are tuned for better distribution. Unfortunately,
for some injury-criteria, only a very skew distribution was achievable as indicated in section 4.2,
table 4.3 on page 152. The selected numbers of classes2, 3, 5 and 7were based on practical
considerations with respect to typical interests in the development process of a restraint system.
Furthermore, it is in agreement with the de�nitions by Plaschkies et al. (2023) for the application
of Multi-Criteria Decision Making (MCDM).

Table 4.1: Intervals for Injury-criteria Classi�cation Related to Euro NCAP Points

Classes ATD Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7

2
HIII-05F [0, 4.0) [4.0, 1 )
HIII-95M [0, 1.0) [1.0, 1 )

3
HIII-05F [0, 4.0) [4.0, 4.3) [4.3, 1 )
HIII-95M [0, 0.8) [0.8, 4.0) [4.0, 1 )

5
HIII-05F [0, 1.0) [1.0, 4.0) [4.0, 4.2) [4.2, 4.4) [4.4, 1 )
HIII-95M [0, 0.8) [0.8, 1.0) [1.0, 4.0) [4.0, 4.3) [4.3, 1 )

7
HIII-05F [0, 1.0) [1.0, 2.0) [2.0, 3.0) [3.0, 4.0) [4.0, 4.2) [4.2, 4.4) [4.4, 1 )
HIII-95M [0, 0.8) [0.8, 1.0) [1.0, 2.0) [2.0, 3.0) [3.0, 4.0) [4.0, 4.3) [4.3, 1 )

Additionally, the Chest Acceleration over 3 ms Criterion (CAC3) was added for regression
tasks, as it is a central injury-criterion in many other testing protocols. For relevant sensor
signals, the corresponding channels were identi�ed.

As features, the injury-criteria and channels similar to the target were selected. In addition,
the displacement of the head’s, chest’s, and pelvis’ Centres of Gravity (CoGs) relative to
the rigid body motion of the Body In White (BIW) was added, as they characterize together
the overall kinematics of the ATD. Furthermore, injury-criteria from legislation and other
consumer protocols, such as the Neck Flexion Criterion (NFC) and Neck Injury Criterion (Nij),
were considered as well. The injury-criteria are feature attributes, and the channels feature
multivariate time-series.

In section 2.2 on page 45, a framework was presented. This framework was adapted for this
thesis. The evaluation metric-functions as de�ned in section 2.2 on page 43 ff are reported
as the median of the5-folds for the training-sets and validation-sets respectively and for each
target attribute. To enable the utilization of extended evaluation methods like presented on
page 46, all metric-functions should report in the interval [0 , 1], where1 is best. For target
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attributes regression tasks, the to0 capped R2-score was used. For target attributes classi�cation
tasks, the F1-score was chosen. For the multiclass case, the score for each class is calculated
individually and combined as an average weighted by the class occurrence. For the target
multivariate time-series regression task, the in chapter 3 on page 69 applied ISO-rating rating
was used.

For adaptive querying strategies, an evaluation of the performance of an individual instance
would be necessary. However, the above described metric-functions evaluate the score as a
statistical value related to the evaluated set. Apart from the ISO-rating, they are not de�ned for
a single instance. Hence, as the loss-function for classi�cation and regression tasks, for a pair
Ŷ andY of a single instance&and single attribute� , the absolute error in the form

Absolute ErrorL &;� =
���Ŷ&;� � Y &;�

��� (4.1)

was selected. Hence,L reports in the interval [0 ,1 ), where0 is best. To achieve the same
direction of optimisation for ISO-rating, the ISO-rating value is subtracted from 1. The target
attributes are normalized to achieve a weighted arithmetic mean similar to the calculation of
the cost-function.

Raw data is required within the framework to be stored in thePARQUET format as introduced
in section 2.2 on page 41, carrying the human surrogate percentile and the experiment ID as
indices of tabular data. For temporal data, the timestep as an additional index is needed. The
multivariate time-series are within the framework referred as temporal data and pre-calculated
values as tabular data. ThePARQUET format seemed preferable due to the fast assessing time
and compressed storage. Predictions are stored in the same format with the same motivation.

The pipeline con�guration, evaluated key metric-functions, and other diagnostic and book-
keeping data are stored in theJSON format speci�ed in section 2.2 on page 41. This format
is human-readable, and the list and dictionary structures allow quick insights to an trial. The
evaluated metric-functions for each fold are stored in aCSV format speci�ed in section 2.2,
page 41. This format features a compact representation of tabular data.

To ensure the tracking of changes, a multilayer tracking system was deployed.GIT was used
as a version control system for the code base. The version and branch from which an trial was
run, is stored. AsGIT was developed for many but relatively small �les, the database has to be
tracked differently. Alongside thePARQUET �les, anotherJSON �le carries the hash strings
(see section 2.2, page 40) for each database �le and, in addition, the �le paths and hashes of all
�nite element simulation �les are used to generate the database. In a trial, the documented hash
is compared with the one from the actual �le, and equality is enforced.

As analysed above, the features are from the category multivariate time-series. The available
algorithms were collected in section 2.2 on page 57 ff. Time-series data can be either directly
treated as attributes, or attributes have to be extracted. In the case of the direct usage, each
sample of each time-series represents an attribute. The drawback of that approach lies in the
assumed independence of each attribute. Of course, for sensor signals, single samples are
heavily correlated with each other. Consequently, the direct application appears not expedient.
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In terms of performance and �exibility, the Arti�cial Neural Networks (ANNs) architectures
explained in section 2.2 on page 50 ff were deemed to have the highest potential. Especially,
the prediction of complete target multivariate time-series is only ef�ciently implementable with
ANNs. In �gure 4.1 is the processing of feature multivariate time-series with an exchangeable
block is presented. To keep the possibility of different outputs, the dense layers and the output
layers of the preferred ANN should be used to process the generated features attributes.

Figure 4.1: Base Architecture for the Example with Feature Attributes Extractor Block and
Estimator Block

As deterministic feature attributes, the injury-criteria should always be considered. In the
speci�c study on the domain-agnostic deterministic feature attributes extractors, the wrapper of
TSFRESHandCATCH22 in SKTIME, and the library’s ownROCKET algorithm were used. In
addition, the Principal Component Analysis (PCA) implementation inSCIKIT-LEARN should
be studied.

Due to limited resources, not all algorithms were tested with all output types. The development
scenario is the prediction of the European New Car Assessment Programme (Euro NCAP)
relevant injury-criteria. Only the most promising approaches will be studied with other outputs.
Two workstations were available to perform the trials. In the �rst, the Central Processing
Unit (CPU) was an Intel Core i7-11800H with2.3 GHzand8 cores. The Graphics Processing
Unit (GPU) was an NVIDIA GeForce RTX 3080 Laptop GPU with8 GB dedicated storage.
The Random Access Memory (RAM) was32 GB. The second workstation contained an Intel
Xeon W-2123 CPU with3.6 GHzand4 cores. The GPU was an NVIDIA Quadro P2000 with
5 GBdedicated storage. The Random Access Memory (RAM) was64 GB. Both GPUs were
equipped with a CUDA Core enabling the computation of ANN on the faster GPU instead of
the CPU. Since both workstations were used, the computation times are provided as ranges.

4.2 Baseline Performance
A baseline performance was reported to determine if a metamodel learned anything meaningful.
Like in medical research, where therapies should have an effect stronger than the placebo effect,
a metamodel too must predict better than a constant but reasonable guess from the training-set.

For target attributes regression tasks, the median for each injury-criterion within the training-set
was chosen. For target attributes classi�cation tasks, the most frequent value of a class, the
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mode, set was determined. For target multivariate time-series regression, the median time-series
for each target time-series was calculated.

The evaluation of the capped R2-scores is shown in table 4.2. For each injury-criterion, the
R2-score resulted in a value of zero. This holds true for both, the predictions for Hybrid III 5th

Percentile Female Dummy (HIII-05F) and Hybrid III 95th Percentile Male Dummy (HIII-95M).
In any case, it can be expected that a real learning algorithm will outperform the baseline.

Table 4.2: Baseline R2-score for Target Attributes Regression Task for Injury-criteria

HIII-05F HIII-95M
Median Capped R2-score Median Capped R2-score

Head
HIC15 251 0 340 0
HAC3 55 g 0 63 g 0

Neck
NEC 23 kN 0 17 kN 0
NTC 1.1 kN 0 1.6 kN 0
NSC 0.8 kN 0 0.9 kN 0

Chest

CAC3 53 g 0 49 g 0
CDC 27 mm 0 52 mm 0

CVC 0.2 m s=1 0 0.4 m s=1 0

Femur FCC 0.8 kN 0 6 kN 0

For the target attributes classi�cation tasks, the problematic class distributions are re�ected in
the assessed metric-functions shown in table 4.3 on the following page. The mode is the most
frequent class. The mode-frequencies indicate that many classes are �lled with only few or
even no instances. To display very low instance counts in the table, the frequencies are cut after
two decimals instead of rounded.

The decision for class-occurrence-based weighting for generating the baseline estimations
resulted in high F1-scores for highly imbalanced datasets. However, as a baseline this is
desirable since a metamodel would primarily learn the most frequent class in such cases.
Random correct guesses of the minority class would improve the score unreasonably.

In table 4.3 on the next page, the colours of the F1-score cells indicate whether a class is
useful for further predictions. F1-scores over the in this work in general used threshold over
0.8 will likely not be exceeded by a metamodel. Especially, the Femur Compression Force
Criterion (FCC) does not seem to be usable in the given data distribution. For the HIII-95M, the
Neck Tension Force Criterion (NTC) and Neck Shear Force Criterion (NSC) indicate similar
condition.
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Table 4.3: Baseline F1-scores for Target Attributes Classi�cation Task for Injury-criteria
Classes

HIII-05F HIII-95M
Region Criterion Classes Mode Frequency F1-score Mode Frequency F1-score

Head

HIC15

2 1 0.93 0.89 1 0.74 0.63
3 2 0.73 0.62 2 0.64 0.50
5 4 0.63 0.49 4 0.51 0.34
7 6 0.63 0.49 6 0.51 0.34

HAC3

2 1 0.97 0.96 1 0.67 0.54
3 1 0.63 0.49 2 0.60 0.45
5 3 0.53 0.37 4 0.32 0.15
7 5 0.53 0.37 6 0.32 0.15

Neck

NEC

2 1 0.99 0.99 1 0.98 0.97
3 2 0.70 0.58 2 0.87 0.82
5 3 0.58 0.42 4 0.73 0.61
7 5 0.58 0.42 6 0.73 0.61

NTC

2 1 0.97 0.96 1 0.97 0.96
3 2 0.70 0.57 2 0.96 0.95
5 3 0.50 0.34 4 0.90 0.85
7 5 0.50 0.34 6 0.90 0.85

NSC

2 1 0.88 0.83 1 0.99 0.99
3 2 0.61 0.46 2 0.95 0.93
5 3 0.47 0.30 4 0.91 0.88
7 5 0.47 0.30 6 0.91 0.88

Chest

CDC

2 0 0.97 0.96 0 0.55 0.40
3 0 0.97 0.96 1 0.67 0.54
5 1 0.97 0.96 2 0.44 0.26
7 2 0.55 0.40 0 0.32 0.15

CVC

2 1 1.00 1.00 1 0.93 0.90
3 2 0.99 0.99 2 0.56 0.41
5 4 0.99 0.99 4 0.40 0.23
7 6 0.99 0.99 6 0.40 0.23

Femur FCC

2 1 1.00 1.00 1 1.00 1.00
3 2 0.99 0.99 1 0.95 0.92
5 4 0.99 0.99 2 0.95 0.92
7 6 0.99 0.99 4 0.81 0.72
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Table 4.4 summarises the ISO-ratings for the median time-series for each panel. The evaluated
time window was selected shorter than for the evaluation of the FE-model in chapter 3 on
page 69 ff. The samples before60 msand after120 mswere omitted. During those time
intervals, as displayed exemplary in �gure 4.2, the variation due to the factor changes in the
database was minimal; the Interquartile Range (IQR) (see section 2.2, page 55) at each timestep
is small. As a result, the ISO-rating would have unreasonable high values. The channel naming
and units follow the ISO-codes de�ned in table 2.5 on page 32 of section 2.1.

Table 4.4:Baseline Performance as ISO-rating for Target Multivariate time-series Regression
of Selected Channels

ISO-rating
ISO-code HIII-05F HIII-95M

03HEAD0000OCCUACRD0.68 0.54

03CHST0000OCCUACRD0.70 0.57
03CHST0000OCCUDSXD0.81 0.77

03NECKUP00OCCUMOYD0.64 0.52
03NECKUP00OCCUFOZD0.63 0.66
03NECKUP00OCCUFOXD0.70 0.54

03FEMR0000OCCUFOZD0.71 0.88

Figure 4.2: Median and IQR Corridor of Head Acceleration and Neck Moment for HIII-05F
from Development-set (8177 FE-simulations)

Overall, the ISO-rating and the amount of variation of the sensor signals in the database match.
For the HIII-05F, in the chest de�ection and for the HIII-95M in the femur force, the variation
is too low to be assessed by the selected metric-functions. As a result, an improvement by a
trained metamodel cannot be expected.
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In summary, the baseline for the tasks were established. For the target attributes regression task,
a clear improvement is expected. For the target attributes classi�cation task, too, improvements
are expected. However, in some cases, the class distribution will not allow appropriate learning.
Furthermore, for target multivariate time-series regression, an improvement is also expected.

4.3 Learnable Feature Attributes Extractors

4.3.1 Study with Convolutional Neural Networks

4.3.1.1 Architecture of the Convolutional Neural Network

The Convolutional Neural Network (CNN) was built usingTENSORFLOWandK ERAS. Next
to the hyperparameters of each level of the framework, the architecture itself is controllable by
hyperparameters. The architecture is displayed in �gure 4.3 and elaborated below.

Figure 4.3: Base Architecture of CNN

The Arti�cial Neural Network (ANN) can process tabular and temporal input. The temporal
input is passed through a feature attributes extractor block. The time-series data can be
downsampled using the rolling and averaging time window as implemented inPANDAS.
The effect of the sampling rate on the accuracy of the representation of the time-series can
be inspected in �gure 4.4 on the next page. The time-series from the FE-simulation were
stored with a sampling rate of10 kHz. The time-series can be downsampled up to0.5 kHz
without a signi�cant deviation. The �attened output of the feature attributes extractor and the
pre-calculated feature attributes are concatenated and passed in to the prediction block.

The temporal and the tabular input were normalised before passed into the ANN. For the
training-set, the medians and Interquartile Ranges (IQRs) were calculated. The medians were
subtracted and, the data scaled, resulting in an IQR of1 and a median of0 for the training-set.
For all sets not being the training-set, the calculated parameters were used.
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Figure 4.4: Example of Resampling Levels of Head Acceleration and Neck Moment for
HIII-95M for ID 66

For multivariate time-series, the median and IQR were calculated individually per panel.
For attributes, the parameters were calculated individually per attribute. For target multi-
multivariate time-series and attributes regression tasks, the same strategy was applied to achieve
the same weight during the �tting process.

The order of layers in the feature attributes extractor block is oriented on Zhao et al. (2017). A
pooling layer follows each convolutional layer. Optional, a dropout layer was stacked behind
the pooling layer. Inspired by the inception architecture in Ismail Fawaz et al. (2020), in
addition to the horizontal stacking of convolutions, vertical dimensions can also be added. In a
horizontal stack, the data is passed forward through the layers. Each vertical input is a copy of
the temporal data. By variation of the convolutional kernel sizes, different time window sizes
can be evaluated.

The prediction block consists of dense layers with Recti�ed Linear Unit (ReLU) activation
functions. The multi-output is realized by either having one stack of dense layers and multiple
output neurons. Alternatively, the features are copied into individual prediction blocks with a
single output neuron each. The latter approach is related to the so-called multitask learning, a
subcategory of transfer learning.

For all regression tasks, the Mean Absolute Error (MAE) as de�ned in section 2.2 in equa-
tion 2.44 on page 44 and for all classi�cation tasks, the cross entropy as de�ned in the
equations 2.61 and 2.62 on page 54 was used. Furthermore, in ANNs, an additional validation-
set can be taken from the training-set to evaluate the generalization performance during the
parameter optimization over the epochs. This monitoring allows the optimizer not to stop after
a de�ned number of epochs, but at the indicated point of over�tting.
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4.3.1.2 Hyperparameter Study with Convolutional Neural Network

Design of the Hyperparameter Study with Convolutional Neural Network

The computation time of the CNN based ANNs was about20 minper �t. Hence, a complete
trial required in total approximately1.5 h. This relatively inexpensive algorithm enabled the use
of advanced hyperparameter tuning algorithms. The Tree-structured Parzen Estimator (TPE)
algorithm from Watanabe and Hutter (2023) implemented in thePYTHON library OPTUNA
by Akiba et al. (2019) seemed to be a promising trial generator. During the iterations, two
Gaussian Process Regressions (GPRs) are repeatedly �tted; one to the set of hyperparameter
values associated with the best result and one to the remaining set of hyperparameters values.
The algorithm will select the next hyperparameters values of a trial by maximising the ratio of
both metamodels. In theOPTUNA documentation, for the TPE algorithm, around200iterations
are considered suitable.

The hyperparameter space was de�ned in relation to the variability described above of the
ANN. For the input by the hyperparameter (�le_names_ai_in ), temporal data, injury-criteria or
both could be used. Additionally, the trial generator could select the channels actually used and
injury-criteria.

The block of convolutional layers was allowed to have up to four independent lanes (conv_width)
with up to four stacked convolutional layers each (conv_depth). The number of convolutional
kernels and the convolutional kernel sizes were suggestible for each convolutional layer sepa-
rately. Allowed values for the number of convolutional kernels were from10 to 100with a step
width of 10. The same step with, but for the range of1 to 50, the convolutional kernel size was
speci�ed. By the convolutional kernel size, characteristics in the signals of different widths
should be captured. E. g., a convolutional kernel width of50would cover a characteristic of
width 50 ms, if the signal was sampled with1 kHzover140 ms. The pooling size (pooling_size)
was set globally between two and �ve, and the pooling strategy (pooling_strategy) to max-pooling
or average-pooling. Finally, the dropout layer could be turned on and off (dropout_conv) and its
dropout rate ranging from 0.1 to 0.5 be suggested (spatial_dropout_rate).

The shape of the dense layer block was suggestible, too. The number of layers (n_dense_layers)
were in the range of2 to 5. The width of the �rst layer (fst_dense_layer_shape) and last layer
(last_dense_layer_shape) could take all values from10 to 100divideable by10. The width for
all layers in between were linearly interpolated and converted to integers. For the dense layers,
L1 regularization terms or L2 regularization terms as explained in section 2.2 in equation 2.34
and equation 2.34 on page 39) were activatable (dense_regularizer).

The time-series were resampled to any length of70, 140 and 1400(temporal_feature_n_tsps),
where1400corresponds to the10 kHzsampling rate. Further, the dense layers can be either
shared within the output layer, or cloned as individual lanes (share_dense). Finally, the learning
rate could take the typical values of 1 × 10�3 , 1 × 10 �4 and 1 × 10�5 (learning_rate).
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Results of the Hyperparameter Study with Convolutional Neural Network

In table 4.5 the prediction performance for the values of injury-criteria for Hybrid III 5th

Percentile Female Dummy (HIII-05F) and Hybrid III 95th Percentile Male Dummy (HIII-
95M) is presented. The R2-scores for HIII-05F result from a single trial. To generate the
reported spans for the HIII-95M R2-scores, the same trial was repeated four times. This
stability assessment shows that for hyperparameter tuning changes in the R2-score smaller
than2 × 10 �3 are more likely due to the randomness of the algorithm than to the changed
hyperparameters. By the comparison of the R2-scores from the training-set and validation-set,
no over�tting is indicated; all differences are smaller than1 × 10 �2 . The only exception is the
Neck Extension Moment Criterion (NEC) of the HIII-05F with2 × 10 �2 , but here, the R2-score
of the training-set is already unsatisfactory.

Table 4.5: CNN in Final Con�guration � R2-score for Target Attributes Regression Task for
Injury-criteria

HIII-05F HIII-95M
Training-set Validation-set Training-set Validation-set

Head
HIC15 0.93 0.93 0.9390 –0.0005 0.9292 –0.0005
HAC3 0.85 0.84 0.9400 –0.0005 0.9333 –0.0005

Neck
NEC 0.58 0.56 0.9275 –0.0010 0.9219 –0.0002
NTC 0.72 0.71 0.8932 –0.0013 0.8887 –0.0006
NSC 0.80 0.79 0.9310 –0.0013 0.9240 –0.0002

Chest
CDC 0.25 0.24 0.9329 –0.0020 0.9308 –0.0002
CVC 0.35 0.34 0.9389 –0.0007 0.9357 –0.0005
CAC3 0.91 0.90 0.7586 –0.0016 0.7526 –0.0003

Femur FCC 0.66 0.66 0.9292 –0.0005 0.9268 –0.0002

Total Median 0.72 0.71 0.9310 –0.0010 0.9268 –0.0003

The R2-scores in table 4.5 for HIII-95M were found to be with more than0.9 high. An
exception is the Chest Acceleration over 3 ms Criterion (CAC3) with 0.75that is almost in the
acceptable range.

More mixed results were observed for the HIII-05F. The predictions for the head related injury-
criteria and the CAC3 were with above0.8 found to be acceptable. For the Chest De�ection
Criterion (CDC) and the directly related Chest Viscous Criterion (CVC), only scores below0.4
were achieved. The low scores result from the instable seatbelt behaviour at the HIII-05F neck,
as elaborated in section 3.4 on page 134 ff. The cross plot in �gure 4.5 on the next page reveals
that the metamodel predicts values for the CDC as they would be expectable when the instable
behaviour would not exist. The ground truth contained values lower than20 mm. This value
range was completely neglected in the predictions. The instable seatbelt behaviour affects the
reliability of the neck kinetic as well, because of the interaction of the seatbelt and the neck’s
surface. The R2-score of the Femur Compression Force Criterion (FCC) was relatively low due
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to some extreme outliers. Interestingly, the CAC3 was not in�uenced by the instable seatbelt
behaviour. This indicates that in principle, the seatbelt works successfully as a restraining
system for the whole thorax. Practically, this must be considered an artifact of the FE-model
because a seatbelt that applies the restraining force on the throat is not acceptable.

The results with the �nal setting of hyperparameters from the tuning procedure were discussed
above. In �gure 4.6 on the facing page, the hyperparameters as de�ned on page 156 and the
trials are presented as a parallel coordinates diagram. The hyperparameter values are indicated
row wise. The last row is the resulting R2-score of the respective trial. The lower half of the
hyperparameters correspond to the convolutional layers. The absence of the convolutional layers
and, hence, temporal features resulted in inferior performance of the metamodel. Furthermore,
a small learning rate and individual dense layers for each target attribute seem to be bene�cial.
For the number of stacked dense layers and their widths, there is no clear trend. Finally, the
generalization capabilities and the R2-score were improved by adding the L2 regularization
terms and a dropout rate from 0.2 to 0.4.

Figure 4.5: Cross plots with Prediction of Selected Injury-criteria of Head, Chest, and Femur
for HIII-05F using Final CNN and Concatenated Validation-set

158



Figure 4.6: Parallel Coordinates for CNN Hyperparameter Tuning for 200 Trials
(Black: Best Trial, Green: Best in Tolerance, Red: Bottom 20 Trials)
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In agreement with �gure 4.4 on page 155 is the preference of smaller sampling rates. Since there
is an insigni�cant loss of information from the downsampling, this physic-related information
does not have to be modelled within the ANN but can be provided directly as observational bias
as mentioned in section 2.3 on page 61. From the tuning-algorithm tested trials, three parallel
convolutional layers seemed bene�cial. To keep the diagram readable, the convolutional kernel
size is not included in �gure 4.6. In the10 best performing hyperparameter settings, there
were always2 convolutional kernels with a length of around40 and1 convolutional kernel
with the length of10. In combination with the favoured number of samples of70, the lengths
correspond to a time window with the width of80 msand20 msrespectively. The average
pooling with 2 to 5 elements seemed preferred.

4.3.2 Study with Recurrent Neural Networks

4.3.2.1 Architecture of the Recurrent Neural Networks

The basic architecture and data normalization strategy was shared with the module described
for the CNN above on page 154 ff. As representative of Recurrent Neural Networks (RNNs),
the Long Short-Term Memory (LSTM) architecture was selected. In �gure 4.7, the feature
attributes extractor block from the CNN was replaced by a LSTM block, while the input layer
and the parallel output layers remained the same.

Figure 4.7: Base Architecture of LSTM Based RNN

The number of cells in aK ERAS LSTM layer is determined by the signal lengths passed as
input. As output of a layer, either each cell’s output as hidden state can be used or only the
last cell’s output. Another hyperparameter controls if the signal is used only in its original
direction or additionally in the opposite direction. In the latter case, the layer is duplicated,
and the additional outputs are concatenated with the outputs from the forward pass. Other
hyperparameters are the number of stacked LSTM layers, the number, and shape of the dense
layers and the learning rate. By default, multivariate time-series are directly passed into one
LSTM layer. A switch can generate an individual LSTM stack per time-series.
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4.3.2.2 Hyperparameter Study with Recurrent Neural Networks

Design of Hyperparameter Study with Recurrent Neural Networks

The �rst observation during the training of LSTM based architectures was the comparably high
computation time of around8 h for one complete trial. The high computation time limited
the number of iterations for hyperparameter tuning. Instead of extensive search strategies,
a tournament-style approach was used; the results for few settings of one hyperparameter
were compared, and the best was chosen for the subsequent rounds. The evaluated metric-
function was the arithmetic mean of the R2-scores for the target attributes regression task for
injury-criteria of the HIII-95M.

In the initial hyperparameter setting was the bidirectional treatment (is_bidirectional) of the
time-series deactivated. There were140parallel LSTM lanes with300units each (lstm_units).
Depending on the hyperparameteruse_sequence_output, Either only the last output of each
LSTM lane was used or all hidden states passed. The LSTM lanes shared the temporal input.
Each target attribute had its individual block of dense layers (share_dense) with 50 layers of
20 neurons each (dense_layer_shapes). The initial learning rate was1 × 10 �3 (learning_rate).
In addition to the feature multivariate time-series, the pre-computed injury-criteria could be
provided, too (ai_in).

Results of Hyperparameter Study with Recurrent Neural Networks

In �gure 4.8 on the next page, the result of the hyperparameter tuning was evaluated. As �rst
insight, the R2-score over0.9must be stated for all iterations. For the scope of this research,
this rating was de�ned as suf�cient. Providing the pre-extracted injury-criteria, in addition
to the time-series with1 kHz sampling rate, slightly improved the R2-score. Furthermore, it
seemed bene�cial to pass the outputs of each LSTM unit to the block of dense layers. A transfer
learning inspired split of the dense layers into independent blocks per target attribute while
sharing the output of the feature attributes extractor, did not improve the R2-score.

The bidirectional evaluation of the time-series and the shape of the dense layers had only
minimal in�uence on the R2-score. However, adding the additional LSTM line increased the
computation time by a factor of1.5. A similar increase was observed for the very complex
dense block. No clear tendency was observed for the structure of the LSTM block, apart for an
increased computation time with a more complex feature attributes extractor block.

The most signi�cant improvement was found for the learning rate of the hyperparameter
optimizer. A smaller learning rate improved the R2-score. Due to the early stopping strategy,
the computation time was not signi�cantly in�uenced.

In table 4.6 on the following page, the prediction performance for the values of injury-criteria
for HIII-05F and HIII-95M are presented. The R2-scores are almost identical with the ones
from the CNN presented in table 4.5 on page 157.
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Figure 4.8: Tournament Iterations for LSTM based RNN Hyperparameter Tuning for the
Target Attributes Regression Task for Injury-criteria of HIII-95M

Table 4.6: LSTM Based RNN in Final Con�guration � R2-scores for Target Attributes
Regression Task on Injury-criteria

HIII-05F HIII-95M
Training-set Validation-set Training-set Validation-set

Head
HIC15 0.93 0.92 0.94 0.92
HAC3 0.84 0.84 0.94 0.92

Neck
NEC 0.58 0.56 0.93 0.92
NTC 0.72 0.71 0.90 0.89
NSC 0.80 0.78 0.94 0.92

Chest
CDC 0.27 0.22 0.93 0.92
CVC 0.36 0.32 0.94 0.93
CAC3 0.91 0.90 0.76 0.75

Femur FCC 0.66 0.65 0.93 0.92

Total Median 0.72 0.71 0.93 0.92
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4.3.3 Comparison and Discussion of CNN and RNN
The hyperparameters of CNN and the LSTM based RNNs were tuned. A clear tendency for a
smaller learning rate, the utilization of the feature multivariate time-series and regularization
terms was observed. For the other hyperparameters, both approaches allowed a broad value
range without signi�cant change in the assessed R2-scores.

Regarding the observed R2-scores, both approaches were comparable. However, the computa-
tion time for one single trial with1 h to 2 hfor the CNN is clearly superior to the around8 h to
20 hof the LSTM based RNN. The required disc space to store the trained metamodel is for
the CNN ca.34 MB and for the LSTM based RNN ca.28 MB. Despite both values are slightly
different, the contrast with the size of the development-set with6.4 GBmakes the difference
insigni�cant.

In summary, suf�cient results were observed for the learnable feature extractors. The CNN
seems the preferable approach. Consequently, this architecture will be further used as the
reference.

4.4 Studies on Deterministic Attributes Extraction

4.4.1 Studies on Pre-extracted Target Independent Attributes
As discussed above, three approaches of pre-extracted feature attributes were tested � the injury-
criteria, theTSFRESH, and theCATCH22 methodologies. The base was the Convolutional
Neural Network (CNN) as established and tuned above. The feature attributes extractor block
was removed and effectively only the dense layers used.

The feature attributes of theTSFRESH methodology were pre-calculated. The approach
evaluates each instance independently, what enables the pre-calculation. The algorithm is
computational expensive; the extraction of attributes from the development-set required about
6 h on the cluster using48 processes parallel. For the feature time-series, the same channels
selected as above were used, and the sampling rate remained at10 kHz. After the extraction
process, all attributes containing unde�ned numbers (NaN) or being constant (variance smaller
than 1 × 10�6 ) were dropped. From the 25 channels, 18 212 attributes were extracted.

The same procedure was applied to theCATCH22 methodology. ForTSFRESHandCATCH22,
the wrapper ofSKTIME was used. By theCATCH22, 427 attributes were extracted. For
comparison, the pre-extracted values of the injury-criteria were used. The pre-extracted
attributes were regularly passed through the evaluation framework using the dense layers from
the �nal Arti�cial Neural Network (ANN) from above and the regular tabular data processing
pipeline.
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The predictions based on both, theTSFRESHandCATCH22 resulted in a zero-capped R2-
score of0.0 in the target attributes regression task for all monitored injury-criteria. In contrast,
for the pre-extracted values of the injury-criteria, R2-scores with0.62for the Hybrid III 5th

Percentile Female Dummy (HIII-05F) and0.87for the Hybrid III 95th Percentile Male Dummy
(HIII-95M) were recorded.

4.4.2 Study with Rocket Feature Extractor
The implementation ofSKTIME of the ROCKET algorithm as published by Dempster et al.
(2020) (see section 2.2, page 57) was used again in combination with the dense layers from
above. The algorithm’s hyperparameter (n_kernel) controls the number of convolutional kernels,
which are randomly initialised and not trainable. In the trials, the values20, 50, 100, 1000 and
10 000 were evaluated. The 10 000 convolutional kernels were the default value.

For20, 50 and 100convolutional kernels the R2-score on the validation-set ranged from0.90
to 0.92. For100convolutional kernels, a tendency to over�tting was observed. For1000 and
10 000 convolutional kernels, the zero-capped R2-score was 0.0.

4.4.3 Study with Attributes from Principal Component Analysis
For Principal Component Analysis (PCA), theSCIKIT-LEARN implementation was used. The
library supports the classic linear version and the implementation of a kernel function based
PCA. To screen the capabilities of the methods, the linear PCA, and the kernel function based
PCA with a linear kernel function and a radial basis function as kernel function as described in
section 2.2 equation 2.52 on page 49 were used. For the three cases, the numbers of extracted
feature attributes, for PCA also known as Principal Components (PCs), were set to 20 and 40.

Similar to the temporal feature processing pipeline of the framework, the time-series were
downsampled and then normalized over the panel. With the time-series downsampled to1 kHz,
the140samples of the25 time-series resulted in3500attributes as input to the PCA. Next, the
resulting PCs were regularly passed through the evaluation framework using the dense layers
from the �nal ANN from above and the regular tabular data processing pipeline. All parameters
from the normalizer and PCA were �tted to the respective training-set. For linear PCA and the
full development-set, the 20 PCs (n_components) correspond to95 %and the40PCs correspond
to 98 % of the variance explained by the extracted PCs regarding the 3500 attributes.

In �gure 4.9 on the next page, the R2-scores for the feature attributes extraction by PCA in
the target attributes regression task are presented as the median of the injury-criteria. All
metamodels generalize well. In general, more PCs lead to slightly higher scores. The best
con�guration for both percentiles was the PCA with a linear kernel function using 40 PCs.
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Figure 4.9: Median of R2-score of PCA as Feature Attributes Extractor and ANN for Target
Attributes Regression Task

4.5 Extended Predictions with Final Architecture

4.5.1 Selection of Final Learning Algorithm
Above, as learnable feature attributes extractors, the Convolutional Neural Network (CNN)
and the Long Short-Term Memory (LSTM) based Recurrent Neural Networks (RNNs) were
discussed. In addition, the deterministic domain independent feature attributes extraction was
performed by theTSFRESH, CATCH22, andROCKET algorithms. Furthermore, the Principal
Component Analysis (PCA) feature attributes extraction was presented.

The approaches ofTSFRESHandCATCH22 in combination with the pre-de�ned Arti�cial
Neural Network (ANN) architecture without further tuning of the hyperparameters were not
successful. Especially, the high number of feature attributes could not be used by the ANN.
With a high number of convolutional kernels, theROCKET algorithm underperformed similarly.
For the PCA-based approach and theROCKET algorithm with a few convolutional kernels
were comparable. For both algorithms, a light indication of over�tting was detected.

The CNN and the LSTM based RNNs were compared above on page 163. The CNN was found
to be superior due to the signi�cantly lower computational cost. The computational cost for the
CNN, the PCA-based approach and the ROCKET algorithm was similar in the range of 3 h to
6 h for a complete trial. The CNN seems to generalize the data slightly better. Furthermore, the
assessed R2-score as median over the target attributes with0.93was slightly better than for the
other two, which ranged from0.90 to 0.92. Consequently, the CNN will be used for all further
work.

165



4.5.2 Prediction Performances with Final Algorithm
The �nal selected CNN was used to evaluate whether target types besides the continuous
target attributes can be successfully predicted. The results for the target attributes classi�cation
of single or multiple classes are presented in table 4.7 on the facing page. The number of
classes and the conversion of the continuous target attributes were de�ned in section 4.1 on
page 147. Similar to the presentation of the baseline in section 4.2 on page 150, in table 4.7 the
occurrence frequency (Freq.) of the most common class for each target attribute is indicated.
The cell-colours should provide an orientation on how a F1-score should be rated in the context
of the baseline performance and class-distribution. The results will be discussed in the context
of the �ndings from the target attributes regression presented in table 4.5 on page 157. By
common sense, a classi�cation task is less complex than a regression task, and hence, given a
valid class-distribution, a better performance can be expected.

Positive results were observed for the target attributes classi�cation for the head-related Head
Injury Criterion for up to 15 ms (HIC15) and Head Acceleration over 3 ms Criterion (HAC3)
for both Anthropomorphic Testing Devices (ATDs). The target attributes classi�cation for the
neck-related Neck Extension Moment Criterion (NEC), Neck Shear Force Criterion (NSC), and
Neck Tension Force Criterion (NTC) for the Hybrid III 5th Percentile Female Dummy (HIII-
05F) was found to be better than when predicted by regression. Similar good as the regression
performance was the target attributes classi�cation for the chest-related Chest De�ection
Criterion (CDC) and Chest Viscous Criterion (CVC) for the Hybrid III 95th Percentile Male
Dummy (HIII-95M). For most of the injury-criteria mentioned in this paragraph, a few number-
of-class scenarios suffered from the problematic class distribution.

The estimation of CDC and CVC class values of the HIII-05F were expected to be not successful
due to the instable seatbelt behaviour. For the7 classes of the CDC was this expectation
ful�lled. All other scenarios could not be evaluated regarding this expectation because of the
class distributions. Similarly, the Femur Compression Force Criterion (FCC) for both ATDs
and the neck-related injury-criteria for the HIII-95M were not suitable for classi�cation.

In the table 4.8 on page 168 are the ISO-ratings for the target multivariate time-series regression
of selected channels presented. The channels naming follows the ISO-code de�ned in table 2.5
on page 32 in section 2.1. Similar to the classi�cation, the baseline performance (base)
presented in table 4.4 on page 153 must be considered in the evaluation.

In all cases, the metamodel performed better than the baseline. No indication of over�tting was
observed. For most channels, the ISO-grade Good or better was achieved. The HIII-05F chest
de�ection’s (03CHST0000H305DSXD) relatively small variance over the panel was re�ected in
the baseline ISO-rating of0.81. The metamodel could not extract additional knowledge in this
particular case, as the ISO-rating of0.82suggests. For the neck extension moment channel’s
(03NECKUP00OCCUMOYD) estimations of both ATDs only the ISO-grade Fair was achieved.

In general, it seems that the tuned CNN performed well. Values of the evaluated metric-
functions signi�cantly lower than the stipulated0.8could be explained by the de�cits of the
development-set. The classi�cation tasks were especially affected by the class-distributions.
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Table 4.7: Final CNN � F1-score for Target Attributes Classi�cation Task for Injury-criteria
Classes

HIII-05F HIII-95M
Criterion Classes Freq. Training-set Validation-set Freq. Training-set Validation-set

HIC15

2 0.93 0.98 0.98 0.74 0.96 0.96
3 0.73 0.96 0.95 0.64 0.93 0.92
5 0.63 0.92 0.91 0.51 0.88 0.88
7 0.63 0.90 0.90 0.51 0.86 0.85

HAC3

2 0.97 0.98 0.98 0.67 0.95 0.94
3 0.63 0.91 0.90 0.60 0.93 0.93
5 0.53 0.88 0.86 0.32 0.88 0.87
7 0.53 0.86 0.85 0.32 0.86 0.85

NEC

2 0.99 1.00 1.00 0.98 0.99 0.99
3 0.70 0.84 0.82 0.87 0.96 0.96
5 0.58 0.76 0.76 0.73 0.91 0.90
7 0.58 0.76 0.76 0.73 0.87 0.86

NTC

2 0.97 0.97 0.97 0.97 0.99 0.99
3 0.70 0.91 0.91 0.96 0.98 0.98
5 0.50 0.77 0.76 0.90 0.96 0.96
7 0.50 0.77 0.76 0.90 0.96 0.96

NSC

2 0.88 0.94 0.93 0.99 1.00 1.00
3 0.61 0.83 0.82 0.95 0.99 0.99
5 0.47 0.75 0.74 0.91 0.97 0.96
7 0.47 0.73 0.72 0.91 0.96 0.95

CDC

2 0.97 0.96 0.96 0.55 0.94 0.94
3 0.97 0.96 0.96 0.67 0.94 0.94
5 0.97 0.96 0.96 0.44 0.89 0.88
7 0.55 0.53 0.52 0.32 0.78 0.77

CVC

2 1.00 1.00 1.00 0.93 0.97 0.97
3 0.99 1.00 1.00 0.56 0.93 0.93
5 0.99 0.99 0.99 0.40 0.85 0.84
7 0.99 0.99 0.99 0.40 0.75 0.74

FCC

2 1.00 1.00 1.00 1.00 1.00 1.00
3 0.99 1.00 1.00 0.95 0.97 0.97
5 0.99 1.00 1.00 0.95 0.97 0.97
7 0.99 1.00 1.00 0.81 0.93 0.93
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Table 4.8: Final CNN � ISO-rating for Multivariate time-series Regression

HIII-05F HIII-95M
ISO-code Base Training-set Validation-set Base Training-set Validation-set

03HEAD0000OCCUACRD0.68 0.88 0.88 0.54 0.87 0.87

03CHST0000OCCUACRD0.70 0.90 0.90 0.57 0.89 0.88
03CHST0000OCCUDSXD0.81 0.82 0.82 0.77 0.92 0.92

03NECKUP00OCCUMOYD0.64 0.78 0.77 0.52 0.78 0.78
03NECKUP00OCCUFOZD0.63 0.83 0.83 0.66 0.85 0.84
03NECKUP00OCCUFOXD0.70 0.85 0.85 0.54 0.82 0.83

03FEMR0000OCCUFOZD0.71 0.88 0.88 0.88 0.93 0.93

4.5.3 Assessment of Test-set Performance
When discussing data leakage strictly, the validation-set has leaked into the metamodel because
it was part of the algorithm selection process. Consequently, a testing-set should be held
out during the whole process. Furthermore, the FE-model simpli�cation chain in section 3.2
on page 86 ff had the purpose of ef�cient data generation, while the actual utilization of a
metamodel would use the FE-model used in the restraint system development. Therefore,
the testing-set with a reference FE-model was generated in section 3.4 on page 141 ff. In
�gure 3.56 on page 142 was the comparison of the values of the injury-criteria for development-
set and testing-set presented. The discussed differences accumulate with the inaccuracy of the
metamodel.

To assess the performance, the �nal selected CNN was trained for the target attributes regression
of injury-criteria values using the complete development-set. In table 4.9 on the next page
are the evaluated R2-scores for the estimation of the results within the testing-set presented.
Additionally, Mean Absolute Error (MAE) was calculated to enable a relation with the direct
FE-model comparison. The MAE for the FE-models were aggregated from table 3.3 on
page 113 in section 3.2.

Evaluating the R2-scores in table 4.9 on the next page, only the HIII-95M CVC seems to be
predictable reliably. When analysing the MAE values, the error from the FE-model simpli-
�cation in combination with the metamodel seems higher than the FE-model simpli�cation
alone. Next to the different FE-model, the testing-set’s Design of Experiments (DoE) had a
broader factor range than the development-set. In �gure 4.10 on page 170, the loss over the
factor values is presented. The loss-function

ErrorL &;� = Ŷ&;� � Y &;� (4.2)

was evaluated individually for each instance.
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Table 4.9: Testing-set Performance � R2-score and MAE of Target Attributes Regression Task
for Injury-criteria

Metamodel Trained with Development-set FE-simulation
HIII-05F HIII-95M HIII-50M

Injury-criterion Unit R2-score MAE R2-score MAE MAE

HIC15 0.43 88 0.00 1175 31.1
HAC3 g 0.34 6.0 0.00 83 3.74

NEC N m 0.14 3.08 0.69 7.83 3.84
NTC kN 0.00 0.39 0.00 1.56 0.29
NSC kN 0.03 0.32 0.00 0.29 0.11

CDC mm 0.00 4.81 0.00 14.3 5.55

CVC m s=1 0.00 0.13 0.81 0.12 0.03
CAC3 g 0.00 6.28 0.43 7.81 7.06

FCC kN 0.00 0.24 0.00 1.21 0.65

The R2-scores were calculated individually as summary statistics within the factor range of
the development-set DoE and for the extrapolated values. It must be noted that both sets were
generated using the Sobol algorithm. Consequently, it is not possible to completely separate
the interpolation and extrapolation spaces completely. However, the factors affect the results of
FE-simulations not equally.

Due to the described obfuscation of the interpolation and extrapolation spaces and the overall
low R2-scores, only in few cases a clear tendency is recognisable. There is a light linear correla-
tion between the loss for NEC and the Passenger Airbag (PAB) related factorsPAB_M_SCAL and
PAB_Vent_T. For the energy of the vehicle-pulse controlled byPulse_X_Scale, the metamodel
estimates higher loads than the ground truth. In �gure 3.56 on page 142, a reduced amount
of hard hits through the PAB on the dashboard in the HIII-95M data of the testing-set was
concluded. The metamodel was trained on the occurrence of the high peaks, and consequently
estimates such values.
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Figure 4.10: LossErrorL and R2-score over DoE Factors for Target Attributes Regression for
HIII-95M within the Testing-set
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4.6 E�cient Data Utilization

4.6.1 Study on the Database Size
With the tuned Convolutional Neural Network (CNN) based architecture on page 163, the effect
of different sizes of the database was explored. For this study, the characteristic of the Sobol
algorithm was used: one Design of Experiments (DoE) contains smaller DoEs. Revisiting the
rule that a Sobol’s number of instances must equal to two to the power of the exponents in
section 2.3 equation 2.66 on page 60), the given number of instances of8192and a minimum
number of instances of16, enable a size variation for exponentss from 4 to 13in a step size of
1. The minimum number of instances results in5 instances per fold, which leads to the absolute
minimum of1 instance in the validation-set for the �tting of the Arti�cial Neural Network
(ANN).

In �gure 4.11 the in�uence of the number of instances was plotted for the predictions on Hybrid
III 5 th Percentile Female Dummy (HIII-05F) and Hybrid III 95th Percentile Male Dummy
(HIII-95M). The arithmetic mean of the R2-scores increases fast with the number of instances.
After around2000 instances for the HIII-05F and approximately500 instances, a plateau
was reached. For4000instances the R2-scores for the Femur Compression Force Criterion
(FCC) of the HIII-05F and the Neck Shear Force Criterion (NSC) and Chest Acceleration over
3 ms Criterion (CAC3) of the HIII-95M decreased and recovered with the next iteration where
ca. 4000 instances are added.

Figure 4.11:Number Instances and R2-scores of Target Attributes Regression of Injury-criteria

To gain a more profound insight into the data distribution, it is important to be aware that in fact
not the distribution of the DoE factors are relevant for the prediction but the distribution of the
responses from the FE-simulations of the Hybrid III 50th Percentile Male Dummy (HIII-50M).
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An approach to characterize the HIII-50M responses can be using the Principal Component
Analysis (PCA). The key kinematics of the Anthropomorphic Testing Device (ATD) were
selected � the global accelerations and local displacements of the Centres of Gravity (CoGs)
of the head, chest, and pelvis. Additionally, the chest acceleration and the femur forces were
considered central. The time-series were resampled from10 kHzto 1 kHz using the method
as described above. Each of the140 samples of each of the25 channels were treated as
independent feature attributes, resulting in3500attributes. Using the implementation of linear
PCA in SCIKIT-LEARN, the �rst four Principal Components (PCs) account for approx. 80 %
of the variance in the data.

In �gure 4.12 on the facing page are the �rst4 PCs as bimodal plots presented. Each column
represents a different number of instances resulting from the Sobol exponents. Obviously,
the point density increased with the number of instances. Especially in the fourth PC, the
point density for values over5 is signi�cantly lower than for values lower than5. The
corresponding values of the loss-functionAbsolute ErrorL from equation 4.1 on page 149 indicate
that the dependency of the estimation performance depends on the local density. In combination
of the 3rd and 4th PC is this effect the best noticeable.

As an alternative approach to assess the data distribution, in �gure 4.13 on page 174, the
discrepancy of the space coverage was calculated using the implementation inSCIPY. The
discrepancy measures the distance of a point in the attribute space from an ideal continuous
uniform distribution. For the Sobol algorithm, the discrepancy in the factor space decreases
with the number of instances. This observation is plausible, since the progressing Sobol DoE
keeps the factor ranges while increasing the density. The HIII-50M responses in the PC space,
however, do not cover the space well. Hence, the increased local density does not improve
the space coverage and consequently, the discrepancy is reduced only minimal. This intuition
is supported by the observation that the discrepancy increases with the number of considered
PCs. The discrepancy for8192instances and4 PCs was0.16while for 22PCs, the discrepancy
was3.67. Also in �gure 4.12 on the next page, the decrease in space coverage in the form of
increased local density is visible.

In summary, a rapid improvement in the arithmetic mean of the R2-scores was observed for
both ATDs. However, a single injury-criteria bene�ted from an increased number of instances.
The main reason for the overall stagnating R2-score was the sketchy coverage of the PC
space representing the feature space. With the increasing number of instances, formerly only
sparsely populated areas get more instances. First, this leads to a drop of the scores, but later to
improvements.
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Figure 4.12: First Development-set 4 Principal Components (PCs) of HIII-50M
Characteristics for Different Number of Instances by Sobols with Loss of Target
Attributes Regression for HIII-95M
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Figure 4.13: Space Coverage with 4 PCs versus DoE factor Space for Different Number of
Instances

4.6.2 Adaptive Querying Strategies

4.6.2.1 Method for Adaptive Querying Strategies

For the presented research, the databases were generated in advance. Of course, not all instances
contribute by the same amount to the metamodel �t. In other words, some FE-simulations were
not necessary. In a practical application, those not-contributing FE-simulations account for an
unnecessary cost. The adaptive DoE and active learning approaches introduced in section 2.3
on page 60 ff promise a solution.

An example of a typical implementation of adaptive DoEs was proposed by Ballal et al. (2023).
DoE factors were used to �t a Gaussian Process Regression (GPR) metamodel explained in
section 2.2 on page 49 using a set of instances with an existing ground truth. A second set of
instances without ground truth and with grid-like spaced factors was used to determine the
uncertainty of the metamodel. For instances with the highest uncertainties, a new ground truth
would be generated by FE-simulations. Those instances become part of the training-set.

However, the method using uncertainties was not applicable to the problem discussed in this
dissertation. Unlike in the above case, here, the DoE factor space was not relevant for the
predictions but the responses from the FE-simulations of the HIII-50M as latent space. As
discussed above to �gure 4.12 on the preceding page, the HIII-50M responses may be a function
of the DoE factors, but their space coverage was different.

The method using GPR would still be applicable for extracted feature attributes. The quality of
the mapping into the latent space is dependent on the training-set itself for learnable feature
extraction attributes and statistical methods like PCA. After each �t of the ANN, its feature
attributes extractor must be applied as a transformer on the FE-simulations of the HIII-50M.

The subsequent training of the GPR is again limited to target attributes regression. To calculate
the uncertainties, the database must contain as many FE-simulations as possible with HIII-50M
and as an initial batch, few FE-simulations with HIII-05F and HIII-05F.

The limitation of the metamodel output type and the dependence of the representation of the
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HIII-50M latent space on the number of instances with existing ground truth, are shortcomings
of the GPR based adaptive query strategies. A relatively simple alternative would be the
utilization of the loss-function on the validation-set.

The proposed approach assumes that two instances which are near to each other in the DoE
factor space are near in the latent space of the HIII-50M and the target spaces of HIII-05F and
HIII-95M, too. Second, it is assumed that an instance with a low value of its loss-function,
equals an area in the latent space of high uncertainty. Consequently, adding more instances in
such an area to the training-set could improve the metamodel performance.

The declared assumption makes an extensive database with FE-simulations of HIII-50M not
necessary, since the new instances were picked directly from a DoE. The generalized method is
proposed as follows:

1. Generate a DoE with Sobol scheme and an exponentMains of at least 5.
2. Calculate the distance matrix for the DoE experiments using the factor values.
3. Generate an initial sub-DoE with 4� Initials < Mains.
4. Generate experiments as instances with ground truth for initial sub-DoE (FE-simulations

with HIII-05F, HIII-50M, and HIII-95M) as initial development-set.
5. Train metamodel and evaluate loss-functionAbsolute ErrorL from equation 4.1 on page 149.
6. Identify theWorstS instances with the lowest loss-function values.
7. Identify theSeedE experiments not used for training in the DoE with the nearest distance

in the DoE space to each in the previous step identi�ed instance.
8. Generate the ground truth for the identi�edWorstS � SeedE instances by FE-simulations

with HIII-05F, HIII-50M, and HIII-95M and add them to the development-set.
9. Repeat from step �ve until all experiments are used or an end criterion like budget is

reached.

The limitation ofMains is due to the 5-fold cross-validation strategy within the framework. Of
course, the DoE should be signi�cantly bigger than the initial number of instances. However,
a very high density of instance attributes can compromise the ef�ciency of the method. The
distance calculation can be performed using the Euclidean norm. The factors should be
normalized.

The simplest alternative for a query algorithm would be the incremental increase in the number
of experiments as DoE, like it was studied above (see page 171). Of course, this approach
suffers from potentially unnecessary FE-simulations. Nevertheless, it can serve as a reference
for the adaptive querying study.

4.6.2.2 Study with Adaptive Querying Strategy

The adaptive querying study was performed using the �nal CNN. The initial Sobol exponent
Initials was4. The neighbouring number of experimentsSeedE and the number of instancesWorstS
were set equal to15. The resulting number of queried experiments of225was selected to study
the effects while keeping the needed computation time reasonable.
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In �gure 4.14, the result is presented. For both percentiles, R2-scores were stabilised around
2000instances. Like in previous studies, the HIII-05F R2-score for the individual injury-
criteria varies, while the HIII-95M R2-scores are very similar. The HIII-05F CDC, CVC, NEC,
and NTC stabilize around3000 to 4000instances. All scores oscillate for small numbers of
instances. The oscillations and the later increase in the R2-scores of some injury-criteria had
only a small in�uence on the arithmetic mean for the HIII-05F. In contrast, the R2-scores for
the HIII-95M stabilized earlier.

Figure 4.14: R2-score on Increasing Number of Instances in the Validation-set by Adaptive
Querying in Target Attributes Regression Task

After the stabilization, the R2-scores improved monotonously with an increasing number of
instances for both percentiles. In comparison, the simple usage of larger DoEs was discussed
above and presented in �gure 4.11 on page 171. In this study, a decline of the R2-score was
observed around4000instances. The monotonous improvements seem very desirable as it
enables a granular control on the utilized resources. Additionally, the results can appear to be
more reliable.

The �gure 4.15 on the facing page, the development of the local instance density is presented.
Similar to �gure 4.12 on page 173, the space is expressed in PCs, calculated from the results of
the FE-simulations in the whole development-set. For the diagrams, only such instances were
printed, which were used in the respective querying iteration. Starting with the16 instances
from the DoE with Sobols equal to4, the R2-score improved by adding the �rst225instances
dramatically. The general shape of the different dimensions is already recognizable. Compared
for approx.1000instances to the DoE based increase in the database from �gure 4.12, the
4th PC is denser populated when the adaptive querying is used. For approx.4000instances no
difference is recognizable despite the R2-score is with0.93signi�cantly higher for adaptive
querying than the 0.88 in the DoE study.
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Figure 4.15: First Development-set 4 Principal Components (PCs) of HIII-50M
Characteristics for Different Number of Queried Instances with Loss for
HIII-95M
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4.6.3 Transfer Learning Inspired Approaches

4.6.3.1 Study on Homogeneous Transfer Learning

Description of the Homogeneous Domain Transfer

In section 2.3 on page 63 ff were strategies of transfer learning discussed and summarized in
�gure 3.41. One of such strategies was used already in the studies above: the multitask learning.
The output of one feature attributes extractor is passed to multiple blocks of dense layers. For
the regression of values of injury-criteria, this approach was found to be inferior to having a
single dense block feeding the output layer.

Another approach described in section 2.3 was the homogeneous transfer between domains.
In this work, the domain of FE-simulations with Hybrid III (HIII) is used as a source and
the domain of FE-simulations with VIRTHUMAN (VHUM) as transfer. A feature attributes
extractor with �tted hyperparameter should be transferred for predictions within the VHUM
domain. The approach uses the same architecture for both domains. First, the whole ANN is
�tted with the data from the HIII. Second, the parameters from the feature attributes extractor
are saved. Next, the second ANN is generated and the parameters of its feature attributes
extractor block frozen. The now untrainable parameters are overwritten by those of the HIII
metamodel. Afterwards, the ANN is trained with the VHUM data. In a last step, the feature
extractor is unfrozen, and the whole ANN continues �tted with a smaller learning rate.

To assess whether the transfer learning approach is bene�cial, a set of3 trials was conducted.
The �rst trial used the transfer-set with VHUM and a fully trainable ANN to establish a refer-
ence. In the second trial, the development-set with HIII was used to train another metamodel.
This metamodel feature attributes extractor was used in the last trial, the procedure described
above utilizing the pre-trained feature attributes extractor to �t a metamodel to the transfer-set.
Is the performance of the last trial better than the one from the �rst, the transfer learning
approach would be bene�cial. The architecture was the CNN with the hyperparameters from
above.

Findings of the Homogeneous Domain Transfer Study

The results of the transfer learning are presented in table 4.10 on the facing page. The R2-
scores were calculated for the target attributes regression on the training-set (seen) and the
validation-set (unseen). For each injury-criterion, there is the score for a direct prediction.
�Direct� means, the whole ANN was trained using only the transfer-set with VHUM data. For
the predictions in the �transfer� rows, the feature attributes extractor was �rst trained using
the entire HIII based development-set and then frozen during the training with the transfer-set.
As described above, in the �ne-tuning step, the feature attributes extractor was unfrozen. The
learning rate during the �rst training-steps was 1 × 10�5 and for �ne-tuning 1 × 10�6 .
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Table 4.10: Transfer Learning with VHUM-50M as Input � R2-scores for Target Attributes
Regression Task for Injury-criteria

VHUM-05F VHUM-95M
Region Injury-criterion Mode Seen Unseen Di�. Seen Unseen Di�.

Head

HIC15

Direct 0.47 0.37 0.10 0.93 0.73 0.20
Transfer 0.30 0.29 0.01 0.73 0.76 0.03

Fine Tune 0.31 0.28 # 0.03 0.89 0.74 " 0.13

HAC3

Direct 0.45 0.34 0.11 0.95 0.79 0.16
Transfer 0.26 0.25 0.01 0.90 0.77 0.13

Fine Tune 0.26 0.25 # 0.01 0.90 0.77 # 0.13

Neck

NEC
Direct 0.98 0.82 0.16 0.88 0.56 0.32

Transfer 0.73 0.69 0.04 0.79 0.57 0.22
Fine Tune 0.77 0.71 # 0.06 0.78 0.60 " 0.18

NTC
Direct 0.99 0.96 0.03 0.99 0.91 0.08

Transfer 0.93 0.90 0.03 0.97 0.85 0.12
Fine Tune 0.95 0.91 # 0.04 0.97 0.87 # 0.10

NSC
Direct 0.98 0.91 0.07 0.97 0.85 0.12

Transfer 0.86 0.80 0.06 0.94 0.78 0.16
Fine Tune 0.91 0.82 # 0.09 0.94 0.77 # 0.17

Chest

CDC
Direct 0.86 0.64 0.22 0.92 0.60 0.86

Transfer 0.70 0.59 0.11 0.82 0.59 0.23
Fine Tune 0.73 0.60 # 0.13 0.83 0.58 # 0.25

CVC
Direct 0.56 0.40 0.16 0.71 0.03 0.68

Transfer 0.38 0.32 0.06 0.42 0.11 0.31
Fine Tune 0.42 0.30 # 0.12 0.43 0.09 " 0.34

CAC3

Direct 0.96 0.90 0.06 0.98 0.92 0.06
Transfer 0.92 0.89 0.03 0.96 0.91 0.05

Fine Tune 0.92 0.89 # 0.03 0.96 0.91 # 0.05

Femur FCC
Direct 0.84 0.67 0.17 0.82 0.44 0.38

Transfer 0.66 0.62 0.04 0.75 0.52 0.23
Fine Tune 0.69 0.65 # 0.04 0.75 0.53 " 0.22

Total Median
Direct 0.86 0.67 0.22 0.93 0.73 0.20

Transfer 0.70 0.62 0.08 0.90 0.76 0.14
Fine Tune 0.73 0.65 0.08 0.89 0.74 0.15
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A �rst analysis of table 4.10 reveals a general tendency of the metamodel for over�tting. The
difference of the median between the VHUM training-set and validation-set calculated for all
injury-criteria is for the VIRTHUMAN 5th Percentile Female Human Body Model adapted to
HIII-05F (HIII-05F) reduced by0.2and for the VIRTHUMAN 95th Percentile Male Human
Body Model adapted to HIII-95M (HIII-95M) by0.06with the pre-trained feature extractor.
The �ne-tuning led partially to an again bigger difference between the R2-scores. These
improvements indicate a reduction of the over�tting, and therefore a positive effect of the
transfer learning. However, in most cases, the actual R2-score was lower with transfer learning
than for the direct prediction.

One reason for non-successful transfer learning applications is the mismatch between the source
and target domains. In such a case, the learnt attributes from the source domain would render
meaningless. The data analysis in chapter 3 on page 143 ff, indicated that the linked domains
seemed reasonably similar. The similarities in the scores of most injury-criteria between the
direct learning and the transfer learning before �ne-tuning support this point.

Another intuitive explanation for the absence of clear improvement can be the relatively low
complexity of the data. In typical cases of successful applied transfer learning, the highly
complex feature attributes extractor was trained using millions of instances. For example,
the popular AlexNet described by Krizhevsky et al. (2017) was trained by approx1.2million
images. In contrast, the comparably simple feature attributes extractor trained by only a few
thousand of instances seems not to carry information which cannot be extracted from the
transfer-set directly also.

4.6.3.2 Alternative Method � Direct Prediction of VIRTHUMAN Responses

Description of the Direct Prediction of VIRTHUMAN Responses by Hybrid III

Similarly to the above approaches and inspired by a study of Plaschkies (2023), the input data
of the HIII should be used directly to estimate the responses from FE-simulation of VHUM.
The HIII represents, as in the transfer learning study, a FE-model of low degree of detail and,
hence, low computational cost. The VHUM represents a highly complex and computationally
expensive FE-model. As this is a feasibility study, especially the VHUM is a placeholder for a
real, more complex and costlier FE-model like the Test Device for Human Occupant Restraint
(THOR) or the Total Human Model for Safety (THUMS).

This approach requires pairwise FE-simulations of both ATDs. The development-set was
generated using the Sobol method, while the transfer-set used the full factorial design. The
continuous nature of the �rst database and the discrete nature of the second database are
incompatible. Hence, the alternative development-set had to be used. In this DoE, factor values
were generated in5 levels, while the transfer-set used5 levels. However, since the factor
ranges matched, the equal environment con�gurations could be extracted from the alternative
development-set.

The CNN was used in the con�guration developed above in section 4.3 on page 154 ff. As
the metamodel input the HIII-50M was used for the target attributes regression of injury-
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criteria of VHUM-05F, VIRTHUMAN 50th Percentile Male Human Body Model adapted to
HIII-50M (HIII-50M), and VHUM-95M. For comparison, the HIII-05F was used for target
attributes regression of VHUM-05F and the HIII-95M for the VHUM-95M. The drawback
of the percentile-matched approach is that the FE-simulations of all three percentiles must be
available, instead of only the FE-simulations with HIII-50M.

Findings from the Direct Prediction of VIRTHUMAN Responses by Hybrid III

The direct prediction between the same percentiles of HIII and VHUM is presented in table 4.11
on the next page. Input into the metamodel is the FE-simulation results of HIII and output the
FE-simulation results of VHUM. The baseline is again the constant prediction of the median
of the target data. The data distribution did not cause the capped baseline R2-score to get any
bigger than 0.

In the R2-scores on the validation-set for the individual injury-criteria and pairings, cases
may reach a satisfactory level of over0.8. However, only for the target attributes regression
of the VHUM-05F Head Injury Criterion for up to 15 ms (HIC15) and CAC3, no indication
for over�tting was observed. A comparison with the cross-plots in �gure 4.16 on page 183
shows that the head acceleration related injury-criteria of the 5th percentile has the simplest
interrelation. For other injury-criteria, highly non-linear to not existing interrelations between
the two human surrogates are observed and re�ected in the R2-scores of table 4.11 on the next
page

The above concept requires for a prediction for a percentile of VHUM the corresponding
FE-simulation with HIII. A higher usage value would be achieved if the prediction required
only the HIII-50M as input. The results are presented in table 4.12 on page 184. Overall, the
performance seems similar for both concepts.

The target attributes regression task of injury-criteria values of VHUM using HIII was successful
for the acceleration of head and chest related injury-criteria. Additionally, the prediction of
neck related injury-criteria for the VHUM-05F can be called a success with the limitation of a
light indication for over�tting. All other tasks tested suffered from insuf�cient R2-scores or
signi�cant over�tting.
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Table 4.11: HIII to VHUM with Matched Percentiles � R2-score for Target Attributes
Regression Task for Injury-criteria

Region Injury-criterion HIII VHUM Baseline Training-set Validation-set Di�erence

Head

HIC15

05F 05F 0.00 1.00 0.98 0.02
50M 50M 0.00 0.97 0.91 0.06
95M 95M 0.00 0.89 0.80 0.09

HAC3

05F 05F 0.00 0.99 0.97 0.02
50M 50M 0.00 0.95 0.91 0.04
95M 95M 0.00 0.91 0.82 0.09

Neck

NEC
05F 05F 0.00 0.98 0.94 0.04
50M 50M 0.00 0.77 0.55 0.22
95M 95M 0.00 0.81 0.48 0.33

NTC
05F 05F 0.00 0.99 0.93 0.06
50M 50M 0.00 0.93 0.82 0.11
95M 95M 0.00 0.98 0.91 0.07

NSC
05F 05F 0.00 0.99 0.87 0.12
50M 50M 0.00 0.94 0.74 0.20
95M 95M 0.00 0.97 0.86 0.11

Chest

CDC
05F 05F 0.00 0.89 0.69 0.20
50M 50M 0.00 0.85 0.56 0.62
95M 95M 0.00 0.88 0.58 0.29

CVC
05F 05F 0.00 0.61 0.46 0.15
50M 50M 0.00 0.93 0.85 0.08
95M 95M 0.00 0.65 0.12 0.53

CAC3

05F 05F 0.00 0.97 0.91 0.06
50M 50M 0.00 0.95 0.88 0.07
95M 95M 0.00 0.98 0.94 0.04

Femur FCC
05F 05F 0.00 0.87 0.62 0.25
50M 50M 0.00 0.74 0.37 0.37
95M 95M 0.00 0.79 0.51 0.28

Total Median
05F 05F 0.00 0.98 0.91 0.07
50M 50M 0.00 0.93 0.82 0.11
95M 95M 0.00 0.89 0.80 0.09
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Figure 4.16: Cross Plot VHUM over HIII for the Ground truth Injury-criteria
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Table 4.12: HIII to VHUM with HIII-50M as Input � R2-scores for Target Attributes
Regression Task for Injury-criteria

Region Injury-criterion Output Training-set Validation-set Di�erence

Head

HIC15
VHUM-05F 1.00 0.99 0.01
VHUM-95M 0.91 0.82 0.09

HAC3
VHUM-05F 0.99 0.98 0.01
VHUM-95M 0.93 0.85 0.08

Neck

NEC
VHUM-05F 0.98 0.93 0.05
VHUM-95M 0.84 0.53 0.31

NTC
VHUM-05F 0.99 0.96 0.03
VHUM-95M 0.98 0.90 0.08

NSC
VHUM-05F 0.98 0.90 0.08
VHUM-95M 0.95 0.83 0.12

Chest

CDC
VHUM-05F 0.88 0.68 0.20
VHUM-95M 0.90 0.62 0.28

CVC
VHUM-05F 0.58 0.45 0.13
VHUM-95M 0.77 0.33 0.44

CAC3
VHUM-05F 0.95 0.88 0.07
VHUM-95M 0.98 0.92 0.06

Femur FCC
VHUM-05F 0.82 0.62 0.20
VHUM-95M 0.78 0.49 0.29

Total Median
VHUM-05F 0.98 0.90 0.08
VHUM-95M 0.91 0.82 0.09

4.6.3.3 Summary and Conclusion for the Transfer-set

The transfer learning approach of the homogeneous domain transfer reduced the tendency of
the metamodel to over�t the data in the transfer-set. For most injury-criteria were R2-scores
smaller than0.8achieved, which could not be improved by the transfer approach. In conclusion,
the minimal reduction of over�tting cannot justify the effort to create a source database for the
transfer.

As a reason for the ineffectiveness of the transfer learning, the relatively low complexity of the
CNN feature extractor was pointed out. Another reason was the over�tting. Strategies against
over�tting are discussed many times. For example, Hastie et al. (2009) presented approaches
directly related to different learning algorithms. In summary, common strategies are (i) the
selection of less respective better features, (ii) the increase in the regularization, and (iii) the
adding of more instances. The feature selection in terms of channels and injury-criteria was
done during the hyperparameter tuning in section 4.3 on page 156 ff. Additional attributes as
inspected in section 4.4 on page 163 ff did not support the metamodel. The studies to compare
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the number of instances in section 4.6 on the pages 171 ff and 174 ff revealed a necessary
number of instances of500 to 1000. In comparison, the transfer-set with the number of
instances of approximately240instances leaves room for improvement. Due to time constraints
and the dependency on external partners in the framework of the AWARE2ALL project, it was
not possible to generate more instances.

The direct cross-domain prediction from HIII to VHUM seemed to be successful for injury-
criteria related to the head and chest acceleration of all percentiles, and the neck of the
VHUM-05F. The other target attributes regression tasks could not be solved suf�ciently. This
shortcoming can be partially reasoned by the low number of instances in the transfer-set, too.
Furthermore, especially the chest compression appears to be too different between the two
types of human surrogate.

4.7 Discussion of Learning Approaches and Outlook

4.7.1 Overview, Framework, and Research Questions
In this chapter, multiple studies were conducted as an attempt to answer the research ques-
tions. The evaluation of the estimation of individual injury-criteria provided an insight to the
capabilities to cover the FE-model non-linearities in a metamodel. The studies on the number
of instances, the adaptive experiment querying strategy, and the utilization of the transfer-set
illustrate different aspects of ef�cient data generation and utilization.

The developed framework proved invaluable over the course of the work. The standardized
evaluation procedure allowed for an ef�cient and �exible development and testing of the ma-
chine learning modules. The automated check of the database’s version prevented failures
when working on different workstations. Furthermore, the standardized documentation of
hyperparameters and main results allowed the reliable evaluation of the studies. The frame-
work base was developed and tested during the arTIco1 project together with the IDIADA
Fahrzeugtechnik GmbH2 by a small team of engineers and later adapted by a single researcher
for this work. The applicability of the framework for larger teams must be proven in future
projects.

The major research of this chapter used the development-set. A baseline was established for
the regression of target attributes and target multivariate time-seriess, and for the classi�cation
with different numbers of classes. Different strategies to extract from the feature multivariate
time-seriess meaningful feature attributes were compared. All extracted feature attributes were
passed through dense layers for the �nal predictions.

1https://www.thi.de/forschung/carissma/c-isafe/artico/
2https://www.applusidiada.com/
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4.7.2 Feature Attribute Extraction Strategies
As deterministic database independent and domain-agnostic methods, the pre-calculation of
injury-criteria, theTSFRESHattributes, and theCATCH22 attributes were considered. The
latter two resulted in predictions on a level of random guessing. Since the authors Christ et al.
(2018) and Lubba et al. (2019) claimed excellent prediction performances in their databases,
future work should analyse the differences in those databases and the development-set. The
use of domain-knowledge in the form of pre-calculated values of the injury-criterion produced
acceptable results, but were as alone-features in context of a hyperparameter tuning study
inferior to other approaches. Similar rated was the randomized database-independentROCKET
transformer. All studies with the database-independent feature attributes extractors were con-
ducted using a �xed Arti�cial Neural Network (ANN) as the actual learning algorithm. Small
improvements can be expected if its hyperparameters are tuned for the speci�c architecture.

The deterministic and database-dependent method was tested with the feature attributes extrac-
tion by Principal Component Analysis (PCA). The measured performance was competitive.
Like for the database-independent methods, small improvements can be expected if its hyper-
parameters are tuned with the speci�c architecture. Overall, the performance in combination
with the computational cost was inferior to other methods.

From the algorithm group of feature attribute extractors with learnable parameters, the Convo-
lutional Neural Network (CNN) and the Long Short-Term Memory (LSTM) based Recurrent
Neural Network (RNN) were selected. For both approaches was an hyperparameter tuning
study performed and signi�cant tendencies stated. The Tree-structured Parzen Estimator (TPE)
algorithm used to generate trials for the CNN limits the statistical evaluation of the effects
of hyperparameter, since they are not independent of each other. In fact, this evaluation is
performed within the algorithm. Furthermore, the tournament-style hyperparameter tuning
study used for the LSTM based RNN does not allow the evaluation of interrelations between
the hyperparameters. Despite these shortcomings, both tuning algorithms were found to be
suf�cient given the computational cost of one trial.

Alone due to the signi�cantly higher computational cost of1 h to 2 hfor the CNN versus
the around8 h to 20 hof the LSTM based RNN led to the assessment of the CNN method
as superior. Compared with the other approaches, the CNN was comparable in terms of its
computational cost and superior in terms of estimation performance. The infusion of domain
knowledge in the form of additionally provided pre-calculated injury-criteria did not bene�t
the metamodel signi�cantly.

4.7.3 Estimation of Di�erent Targets and Test-set Assessment
With the tuned CNN, an overall satisfactory performance for the target attributes regression of
the injury-criteria values of the HIII-95M was achieved. More mixed results were observed for
the HIII-05F. The predictions for the head related injury-criteria and the Chest Acceleration
over 3 ms Criterion (CAC3) were found to be acceptable. For the Chest De�ection Criterion
(CDC) and the directly related Chest Viscous Criterion (CVC), only low values of the metric-
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function were observed. The instable seatbelt behaviour at the HIII-05F neck was identi�ed
as the reason. The predicted values for the CDC were shown to be as they would be when
the instable behaviour would not exist. The instable seatbelt behaviour affected the reliability
of the neck kinetic as well. This non-linearity could not be covered by the metamodel. On
the contrary, since this behaviour is partially an artifact of the FE-model, this shortcoming
may be more related to the development-set itself. In future work, the affected FE-simulations
should be replaced. Alternatively, another metamodel could be trained to estimate the HIII-05F
instability and provide this information to the user. Unfortunately, due to the instable nature of
the problem, the �rst attempts were not successful.

Although it did not appear in the statistical evaluation of the metamodel performance for
the HIII-95M, this bigger Anthropomorphic Testing Device (ATD) suffered from hits on the
dashboard and the resulting peaks in the channels. The metamodel tends to predict lower
values than those generated by such peaks. Similarly to the above limitation of the HIII-05F, in
future work, an additional tool should be developed to indicate the risk of hitting. A potential
approach might be the evaluation of the distance between the head and the dashboard.

The extended predictions showcased the �exibility of the ANN architecture. The target attributes
classi�cation task was successful for some injury-criteria, showing the general capability of the
metamodel. There were many classes with only a few to no instances. With this shortcoming
of the development-set, no learning is possible. In future development, it can be attempted to
predict the factor values to generate loads on the human surrogate because they are necessary
to belong to the under-represented class. The adaptive querying strategy, tested in this work for
the regression task, has potential in this context, too. The thesis performed by Salike (2024)
and co-supervised by the author highlighted the challenge of such a task, especially if there are
very few to no instances in a class.

For the prediction of target multivariate time-series an overall satisfactory performance was
achieved. Due to the channel averaging nature of the used metric-function the peaks of the HIII-
95M and the instable seatbelt of the HIII-05F did not signi�cantly affect the metric-function
values. In future work, the ISO-rating shall be tuned further to the speci�cs of the individual
channels.

The assessment of the FE-model used for the development-set in combination with the trained
metamodel on the testing-set contained multiple challenges. As expected, the deviation be-
tween the FE-models increased the inaccuracies of the metamodel. Additionally, the intended
evaluation of the factor spaces which can be associated with an interpolation or respectively
an extrapolation lowered the values of the metric-function further. Due to the randomized
nature of the Sobol Design of Experiments (DoE), both spaces overlap. An improvement
could potentially be achieved, when the testing-set DoE match the factor values ranges of the
development-set. The extrapolation performance must be evaluated by performing a second
testing-set DoE with the extended ranges only.
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4.7.4 E�cient Data Utilization and Generation
Two approaches were followed to determine how many instances are actually necessary for a
suf�ciently trained metamodel, and if there is a more ef�cient way to generate the data. In the
�rst approach, the main advantage of the Sobol DoE was leveraged. The sub-databases had
the same statistical properties regarding the distribution of their factor values, as the whole
development-set. In the second approach, a distance-based method for querying new instances
for the training-set was successfully implemented and tested.

For both approaches, a rapid improvement of the evaluated metric-function was observed and a
critical minimum number of instances of around2000established. To at least stabilize the as-
sessed metric-function, approximately500instances were required. Unlike the simple increase
of the DoE in size, with adaptive querying, a monotonous improvement of the performance of
the metamodel with the increasing number of instances was observed. The identi�ed major
reason was the sketchy coverage of the feature space. With the increasing number of instances,
formerly only sparsely populated areas get more instances. First, this leads to a drop in the
evaluated metric-function, but later to its improvement. Since the adaptive querying utilized the
local loss-function, the sparser areas seemed to get more populated early with enough instances.

Introducing the VIRTHUMAN (VHUM) FE-simulations as a transfer-set, the application of
a FE-model with low computational cost for the estimation of results for a more expensive
FE-model was mimicked. One study was conducted for the homogeneous transfer of the feature
attribute extractor. Another study featured the direct prediction of the complex FE-model
results from the simpler FE-model. As a baseline, a metamodel was trained using only the
transfer-set. Due to the relatively small number of instances, over�tting was observed. The
metamodel architecture and the hyperparameters values were the same as in the studies with the
development-set where no over�tting was indicated. Hence, the main reason must be the much
smaller number of instances in the transfer-set. Furthermore, the approximately200instances
of the transfer-set are signi�cantly less than the above discussed required2000instances. In
future work, the size of the transfer-set should be increased.

The homogeneous transfer could reduce the over�tting slightly. On the contrary, most values
of the evaluated metric-function worsened. The reasons were the mismatch of both domains
and the relatively low complexity of the data compared to other successful transfer learning
applications in combination with the relatively low number of instances.

The prediction across domains from Hybrid III (HIII) to VHUM seemed to be successful for
injury-criteria related to the head and chest acceleration of all percentiles and to the neck of the
VHUM-05F. The other tasks could not be solved suf�ciently. This shortcoming can also be
partially explained by the low number of instances in the transfer-set. Additionally, especially
the chest compression appears to be too different between the two types of human surrogate.

188



5 Summary and Outlook

This thesis described the application of machine learning in the context of development and
assessment methods in the domain of safety systems for occupant safety. Supervised learning
methods were applied to generate rapid predictions for FE-simulations results in the domain of
the assessment of occupant safety systems. The key concept revolved around the question of
how a metamodel could be designed without explicit characterization of the vehicle. In this
context, the following research questions were addressed.

1. Can a human surrogate response suf�ciently characterize a vehicle?

2. To what extent limit the system’s non-linearity the capabilities of the metamodel?

3. What are the cost and use aspects of such a machine-learning-based system?

4. How can the required data be generated and used ef�ciently?

5. Can domain knowledge be utilized to reduce the required amount of data?

6. What is the related work?

The related work was presented in chapter 2. The insights covered the topics of machine
learning and occupant safety, with a special focus on human body diversity.

The base machine learning architecture used the result of a reference FE-simulation to predict
the result of a FE-simulation in the same vehicle con�guration but different occupant anthropo-
metrics. In chapter 4, metamodels were generated and evaluated. The input for the metamodels
are feature multivariate time-series. The learnable feature attributes extracting architectures us-
ing CNN and the LSTM based RNNs were compared. As an alternative to the learnable feature
attributes extractors, data transformations were discussed. The vehicle characterizing a human
surrogate was a 50th percentile. The task was the target attributes regression of injury-criteria
for 5th and 95th percentile. The task was extended by target attributes classi�cation of different
number of classes for the criticality of a crash and for target multivariate time-series regression
of complete channels.

Overall, the predictions for the Hybrid III 5th Percentile Female Dummy (HIII-05F) and Hybrid
III 95th Percentile Male Dummy (HIII-95M) using the Hybrid III 50th Percentile Male Dummy
(HIII-50M) as input were acceptable. The high values of the evaluated metric-function for e. g.
the head acceleration and the HIII-95M chest de�ection showcased the functionality of the base
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machine learning architecture. The inability to suf�ciently predict the chest de�ection for the
HIII-05F was reasoned by the instable seatbelt slip towards the neck. Additionally, there was
some inaccuracy in predicting high and sharp peaks in the head acceleration of the bigger ATDs
due to a hard contact of the head to the dashboard. Those two limitations represent typical
non-linearities of occupant safety systems and correspond to the second research question.

The fourth and �fth research questions were directly related. The chapter 3 focused on ef�cient
data generation by FE-simulations. Starting from the detailed FE-model of the Honda Accord
2024, using an incremental and structured approach, a heavily simpli�ed FE-model version
was derived. Each simpli�cation step was reasoned and evaluated for the reduction of model
quality in relation to the shorter computation time. The initial FE-model required12 hon the
cluster using48nodes for one FE-simulation. The �nal FE-model version required only20 min
on one single Central Processing Unit (CPU) while being comparable to the original FE-model
version to some extent. Regarding the research questions, profound domain knowledge was the
enabler for the simpli�cations with the proposed method. The method can be adapted in terms
of order and stopping point depending on the available budget.

A second take on the fourth and �fth research questions was in chapter 4. A study on the
in�uence of the number of instances implied a required minimum number of instances around
2000to achieve an acceptable estimation performance for the studied data domain. The direct
training with this size of database generated suf�cient results. A more stable and monotonous
progression of the monitored metric-function was shown for the adaptive querying strategy
over the classic DoE approach.

Transfer learning approaches as a promising method to deal with limited data were also
studied. Neither multitask learning nor the homogeneous domain transfer could improve the
metamodel performance. Multitask learning was studied during the hyperparameter tuning of
the ANNs. The homogeneous transfer learning could reduce the over�tting slightly. On the
contrary, most of the values of the evaluated metric-function worsened. The direct cross-domain
prediction from HIII to VHUM seemed to be successful for the head and chest acceleration of
all percentiles and the neck related injury-criteria of the VHUM-05F. The other tasks could
not be solved suf�ciently. This shortcoming can be partially explained by the low number of
instances in the transfer-set. Additionally, especially the chest compression appears to be too
different between the two types of human surrogate.

Important studies derived from the presented research would be the prediction of FE-model
instabilities such as the seatbelt slip and the independence from pre-generated and structured
data. Furthermore, as a �nding of the arTIco project published by Plaschkies et al. (2024a), the
explainability of the metamodel would be crucial for a successful implementation. Moreover,
the abstract representation of the vehicle’s crash characteristics by the latent space of the
reference ATD responses holds the potential of being applied to existing unstructured data. In
future work, the studies on the predictions between a simple and a complex FE-model should
be repeated and extended with signi�cantly more data.
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The generation of high-quality labelled data emerged as the major challenge when introducing
machine learning in the domain of assessment methods for passive occupant safety. In com-
parison, the application of machine learning algorithms appeared to be relatively convenient,
thanks to highly developed libraries inPYTHON. For future development, the effort to generate
a reasonable database should be of high priority in budgeting a related project.

From this research, multiple databases were published. All databases were released under the
Creative Commons Attribution 4.0 International licence.

� The development-set based on the Sobol algorithm and HIII with24 576FE-simulations
was published by Plaschkies (2024f).

� The alternative development-set based on the full factorial scheme and HIII with9375FE-
simulations was published by Plaschkies (2024d).

� The testing-set based on the Sobol algorithm and HIII with768 FE-simulations was
published by Plaschkies (2024e).

� The validation-set based on the full factorial scheme and VHUM with729FE-simulations
was published by Plaschkies and Müller (2024).

Furthermore, the publishable source code was released by Plaschkies (2024a). The machine
learning results were published by Plaschkies (2024b).

The presented method for an incremental simpli�cation of the FE-model and the detailed
analysis of each step can be a valuable guideline for engineers and researchers. A reasonable
FE-model simpli�cation is a central task in the virtual assessment of vehicle safety systems.
The insights from the analysis can provide inspiration for simpli�cations and prevent potential
pitfalls. The FE-models from each simpli�cation step, published by Plaschkies (2024c), can be
used as a base for the further creation of databases.
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Pre-Publications
� Plaschkies, F. and Vaculín, O. (2020): �Estimation of the Impact of Human Body

Variation on its Crash Behavior Using Machine Learning Methods�. In:FISITA Web
Congress(Online). DOI 10.46720/F2020-PIF-051.

� Plaschkies, F., Vaculín, O., and Schumacher, A. (2021): �Assessment of the In�uence
of Human Body Diversity on Passive Safety Systems. A State-of-the-art Overview�. In:
FISITA World Congress(Online). DOI: 10.46720/F2021-PIF-071.

Parts of the chapter 2 were extracted from this publication. The subsubsections 2.1.2.1,
2.1.2.2, 2.1.4.1, and 2.1.4.2 and the section 2.4 were with minimal adjustments content of
the publication. Furthermore, the subsections 2.1.2.3, 2.1.3.1, 2.1.4.4, 2.1.5.2 are based
on the publication but were extended and updated. A small fraction of subsection 2.3.4 is
based on the publication as well.

� Plaschkies, F.; Vaculín, O.; Pelisson, A. and Schumacher, A. (2022): �Schnelle Ab-
schätzung des Crashverhaltens von Insassen unter Berücksichtigung der Vielfalt des
Menschen: Robustheit, Datenintensität und Vorhersagekraft von Metamodellen�. In:
VDI Fahrzeugsicherheit(Berlin, Germany), DOI: 10.51202/9783181023877-313.

Angelo Pelisson was an exchange student through the German Academic Exchange
Service (DAAD) in the project enGlobe, which supported the research in the frame of
the Bavarian Center for Applied Research and technology with Latin America (AWARE).
He worked under the supervision of the author during his stay in the winter semester
2020/21.

� Plaschkies, F., Possoli, K., Vaculín, O., Schumacher, A., and Andrade Junior, P. d. (2023):
�Evaluation Approach for Machine Learning Concepts in Occupant Protection Based on
Multi-Attribute Decision Making�. In:27th International Technical Conference on the
Enhanced Safety of Vehicles(Yokohama, Japan).

Ketlen Possoli was an exchange student through the DAAD in the project enGlobe, which
supported the research in the frame of the AWARE. She worked under the supervision of
the author during her stay in the summer semester 2022.
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� Plaschkies, F.; Stocker, F.; Yuan, Z. (2024): �arTIco Framework�. In:Zenodo(Online)
DOI: 10.5281/zenodo.11657448.

The software framework was part of the project arTIco � Arti�cial Intelligence and Cor-
relations, a research project in the funding line Digitalization of the Bavarian Cooperative
Research Programme (BayVFP) of the Free State of Bavaria under the funding number
DIK-2110-0025//DIK0404/02. The author was the researcher in the arTIco project.
The design and implementation was majorly done by the �rst author. The co-authors
contributed by continuous testing and feedback. The framework was the base for the
framework used in chapter 4.

Contributions to Academic Education
The following master theses were conducted under the author’s guidance:

� Christoph Alexander Noll (2021): �Simulative Ermittlung eines dimensionsreduzierten
Pulses für einen Frontaufprall mit Offset�. Masterthesis. Technische Hochschule Ingol-
stadt, Germany.

� Sai Srijan Salike (2024): �Data Abstraction and Analysis for Universalizing Passenger
Cell Model Interface for Occupant Protection Optimization�. Masterthesis. Technische
Hochschule Ingolstadt, Germany.

� Sai Sharan Ravichandran (2024): �Transparent Rating of Multivariate Time Series
Classi�cation Using Explainable AI�. Masterthesis. Technische Hochschule Ingolstadt,
Germany.

The author was part of the programme �Simulations- und Testverfahren für automatisierte
Fahrfunktionen� each summer semester between 2021 and 2024 at Technische Hochschule
Ingolstadt. The content was the requirements for vehicles with different levels of automation,
from type approval to the speci�cation sheet regarding passive safety, active safety, and
automated driving functions. Procedures regarding physical and virtual testing, simulation
approaches, vehicle models, sensor models, and the validity of models were presented. The
author was responsible for passive safety and all related procedures. The module was mandatory
for students of the master course �Automatisiertes Fahren und Fahrzeugsicherheit� and elective
for other master programmes.

II

https://doi.org/10.5281/zenodo.11657449


Datasets and Code-Repositories
From this research, multiple databases were published. All databases were released under the
Creative Commons Attribution 4.0 International licence.

� The publishable source code was released by Plaschkies (2024a).

� The FE-models from the simpli�cation chain was published by Plaschkies (2024c).

� The development-set based on the Sobol algorithm and Hybrid III (HIII) with24 576FE-
simulations was published by Plaschkies (2024f).

� The alternative development-set based on the full factorial scheme and HIII with9375FE-
simulations was published by Plaschkies (2024d).

� The testing-set based on the Sobol algorithm and HIII with768 FE-simulations was
published by Plaschkies (2024e).

� The validation-set based on the full factorial scheme and VIRTHUMAN (VHUM) with
729 FE-simulations was published by Plaschkies and Müller (2024).

� The results from the machine learning chapter 4 were published by Plaschkies (2024b).
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A Appendix � Used Software and Packages

In table A.1, the essentialPYTHON packages are listed. The selection was limited to the
packages, directly used by the author. Packages used by the listed ones were excluded.

The MIT (Massachusetts Institute of Technology) licence is highly permissive and allows
reusing the code, even in commercial applications. The BSD (Berkeley Software Distribution)
licences are highly permissive, too. In both cases, the copyright of the code should not be
removed. The BSD-3 licence has an additional clause that prohibits the use of the package-
author’s name or af�liation for promotion and advertising purposes. Similar is the Apache
licence. The most notable difference is the necessity to mention changes to the original code.
Again, similar is the PSF (Python Software Foundation) licence.

Table A.1: Essential Top-level PYTHON Packages

doepy 0.0.1 MIT

dtwalign 0.1.1 MIT

h5py 3.10.0 BSD-3

ipykernel 6.29.4 BSD-3

ipython 8.24.0 BSD

ipywidgets 8.1.3 BSD

keras 3.0.5 Apache Software Licence 2.0

lasso-python 2.0.3 BSD-3

matplotlib 3.9.0 PSF

numpy 1.26.4 BSD

openpyxl 3.1.2 MIT

optuna 3.6.1 MIT

pandas 2.2.2 BSD

Package Version Licence Name

camelot-py 0.9.0 MIT

Continued on next page
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Table A.1: Essential Top-level PYTHON Packages (Continued)

plotly 5.22.0 MIT

polars 1.7.1 MIT

pyarmor 9.0.7 Free To Use But Restricted

pyarrow 16.1.0 Apache Software Licence

pyDOE 0.3.8 BSD

pydot 3.0.1 MIT

pypdf 4.2.0 BSD

scikit-learn 1.5.1 BSD

scipy 1.13.0 BSD

seaborn 0.13.2 BSD

sktime 0.31.0 BSD

tensorflow 2.16.1 Apache Software Licence

tsfresh 0.20.2 MIT

xarray 2024.6.0 Apache Software Licence 2.0

xgboost 2.1.1 Apache Software Licence 2.0

Package Version Licence Name

camelot-py 0.9.0 MIT

In table A.2, relevant software for generating and analysing the technical results is listed. Special
thanks go to the companies BETA CAE Systems and ANSYS for providing the software with
an academic discount.

Table A.2: Used Essential Software

Software Version Provider Licence

Ansa 24.1.1 BETA CAE Systems Academic

CORAplus 4.0.5 Partnership for Dummy Technology and Biomechanics GbR Free

LS-Dyna 12.0 ANSYS, Inc Academic

Meta 24.1.1 BETA CAE Systems Academic

Python 3.11 Python Software Foundation PSF

b



B Appendix � Overview Codebase

The PYTHON codebase was published by Plaschkies (2024a) and is available on GitHub
https://github.com/frapla/aihiii.git as well. The codebase is structured in multiple areas. The
�data� section contains the databases used for machine learning. In �experiments�, the results
of the trials are located. The �jupyter� directory contains all the jupyter notebooks with the �le
extension ipynb. �Source� contains the actual code base with all �les with the extension py.

The central packages in the �source� section are �data� to deal with FE-simulations and database
generation, �experiments� as control �les to run machine learning trials, and �evaluate� as the
heart of the framework.

To enable other researchers to use the code base, the studies which were presented in this thesis
should be linked with the scripts. In the tables B.1, B.2, and B.3 is the mapping presented.
During the development activities, the nomenclature has shifted. The author is positive that
with the provided tables a researcher can orient.

Table B.1: Used Essential Software in Chapter 2

Study Generation & Evaluation

Subsubsection 2.1.5.1 400_ISO_Validation.ipynb

Subsubsection 2.1.2.3 014_FARS_third_insight.ipynb

Subsection 2.2.2 persistant_storage.ipynb

c
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Table B.2: Used Essential Software in Chapter 3

Study Generation (in �data�) Evaluation

Subsection 3.1.4 054_Eval_ValChain_THOR_HIII_vs_HIII _Speed_Corridors_Selection.ipynb

Section 3.2 054_Eval_ValChain_THOR_HIII_vs_HIII _Speed_Corridors_Selection.ipynb

Subsection 3.2.8 049_Intrusions.ipynb

Section 3.3 054_Eval_ValChain_THOR_HIII_vs_HIII _Speed_Corridors_Selection.ipynb

Subsubsection 3.4.1 080_Eval_Parameter_In�uence.ipynb

Subsubsection 3.4.3.2 doe_generation/SobolDoe.py analyze_injury_data
_sobol_�nal.ipynb

Subsubsection 3.4.3.3 doe_generation/DoeGenerators.py analyze_injury_data
_full_fact_�nal.ipynb

Subsubsection 3.4.3.4 doe_generation/SobolDoe.py analyze_injury_data _test_�nal.ipynb

Subsubsection 3.4.3.5 analyze_injury_data_virthuman_�nal.ipynb

d



Table B.3: Used Essential Software in Chapter 4

Study Generation (in �experiments�) Evaluation

Section 4.2 baseline.py baseline.ipynb

Subsubsection 4.3.1.2 cnn_optuna_2.py cnn_evaluation.ipynb

Subsubsection 4.3.2.2 lstm_treesearch.py evaluate_lstm_treesearch.ipynb

Subsection 4.4.1 ann_preextracted.py

Subsection 4.4.2 rocket_ann.py

Subsection 4.4.3 pca_ann.py eval_pca_features.ipynb

Section 4.5 pure_cnn.py cnn_evaluation.ipynb

Subsection 4.5.3 test_set.py eval_test_set.ipynb

Subsection 4.6.1 sobol_size.py n_samples_eval.ipynb

Figure 4.12 characterize_50th.ipynb

Subsection 4.6.2 knn_sampler.py n_samples_eval.ipynb

Figure 4.15 characterize_50th.ipynb

Subsubsection 4.6.3.1 transfer_learner.py

Subsubsection 4.6.3.2 cnn_hiii2vh.py virthuman_hiii_intercorrelation.ipynb
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