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ABSTRACT

Road traffic crashes remain a major public health issue, with vehicle safety measures, par-
ticularly restraint systems, playing a crucial role in mitigating injury risk during collisions.
However, the true efficacy of these systems is often difficult to assess, as real-world crash data
involves complex variables such as crash conditions, occupant characteristics, and the spe-
cific configurations of safety features in different vehicle models. While previous research has
explored vehicle safety performance, these studies have not fully included the specific charac-
teristics of the restraint systems across vehicle models. This dissertation aimed to address this
gap by developing a comprehensive methodology to assess the impact of restraint systems on
injury outcomes, considering the variability inherent in real-world crash conditions.

A method was developed to identify the presence and configuration of restraint system
features (such as pre-tensioning and load-limiting devices), enabling an accurate representa-
tion of their real-world implementation and facilitating their integration with crash data. The
impact of these restraint systems on injury outcomes was assessed using two complementary
approaches. The first approach combined real-world crash data with the restraint systems to
estimate the injury risk using a logistic regression method. This provided a statistical analysis
of the factors contributing to moderate, severe and fatal injuries across various crash scenar-
ios. For the second approach, a vehicle interior sled model, a human model and real-world
crash conditions were combined to assess the impact of restraint systems on predicted injury
outcomes. These simulations enabled an isolation of crash variables, offering deeper insights
into how restraint systems perform across a wide range of real-world scenarios.

This thesis presents several key findings related to vehicle restraint systems and their im-
pact on injury outcomes. A tool was developed to identify the presence and characteristics of
pre-tensioner and load-limiting devices in vehicle restraint systems using force-time history
measurements. The tool demonstrated excellent performance in identifying the presence of
pre-tensioning devices (F1 score: 0.95) and high accuracy for single-stage load-limiting devices
(F1 score: 0.90). However, it showed moderate performance for double-stage load-limiting
devices (F1 score: 0.77). Detailed restraint system configurations for 1,318 vehicles were made
publicly available via a GitHub repository, enabling broader community validation and inte-
gration with crash test databases. For the first approach to assess the impact of restraint sys-
tems on injury outcomes, NASS CDS crash data was augmented with detailed information
on pre-tensioning and load-limiting devices. This revealed significant associations between
these features and injury outcomes. Load-limiting forces were classified into low (below 4.5
kN) and high (above 4.5 kN) to better understand their impact. The presence of these de-
vices was linked to a significant reduction in fatal injuries, with the reduction varying based
on load-limiter force level (OR = 0.31 for low-force, OR = 0.42 for high-force devices). Low-
force load-limiting devices were associated with a reduced risk of AIS 3+ whole-body injuries
(OR =0.70), and both load-limiting force categories were linked to lower AIS 2+ injury risks
in the whole-body in high delta-v crashes. However, no significant associations were found
between the presence of pre-tensioning and load-limiting devices and injury risks in specific
body regions. For the second approach, a method was developed that employed compu-
tational models to estimate the impact of restraint systems on predicted injury outcomes.
While the computer modelling-based method did not accurately capture real-world injury
distributions, it showed some insights into how variations in crash conditions affect injury
outcomes. Significant differences emerged between the Multibody (MB) and Finite Element
(FE) models’ predictions, with the morphed FE Human Body Model (HBM) demonstrating
greater potential in capturing the impact of restraint systems across a range of crash condi-

vii



tions. The method also highlighted that lower load-limiting forces were significantly linked to
areduction in rib fracture risk across both small and large delta-v values. Though the method
demonstrated the ability to assess the effects of restraint system configurations on injury out-
comes, it does not yet allow for precise predictions of the number of injuries that could be
avoided per 1,000 crashes. Future improvements in injury criteria predictions, particularly
for low-severity crashes, may enhance the accuracy of these estimations.
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RESUMEN

Los incidentes de trifico siguen siendo un problema importante de salud publica, y las me-
didas de seguridad de los vehiculos, en particular los sistemas de retencién, desempefian un
papel crucial en la mitigacién del riesgo de lesiones en un choque. Sin embargo, la verdadera
eficacia de estos sistemas es a menudo dificil de evaluar, ya que los datos de incidentes en el
mundo real implican variables que van desde condiciones del accidente, las caracteristicas de
los ocupantes, a las caracteristicas del sistema de retencién. Aunque investigaciones anteriores
han estudiado la seguridad de los vehiculos, estos estudios no han incluido las caracteristicas
especificas de los sistemas de retencién. Esta tesis tiene como objetivo el desarrollo de una
metodologia integral para evaluar el impacto de los sistemas de retencién en las lesiones, con-
siderando la variabilidad de las condiciones de los incidentes en el mundo real.

Se desarroll6 un método para identificar la presencia y configuracién de las caracteristicas
de los sistemas de retencién (como dispositivos de pretensado y de limitacién de carga), lo
que permitié una representacion precisa de su implementacién en el mundo real y facilité
su integracién con los datos de incidentes de trfico. El impacto de estos sistemas de reten-
cién en las lesiones se evalué utilizando dos enfoques complementarios. El primer enfoque
combiné datos de incidentes de trifico reales con los sistemas de retencién para estimar el
riesgo de lesiones mediante un método de regresién logistica. Esto proporciond un andlisis
estadistico de los factores que contribuyen a lesiones moderadas, graves y fatales en diversos
escenarios de colisién. Para el segundo enfoque, se combiné un modelo del interior de un
vehiculo genérico, un modelo humano y condiciones de incidentes de tréfico reales para eva-
luar el impacto de los sistemas de retencidn en las lesiones estimadas usando el modelo de
simulacién. Estas simulaciones permitieron aislar variables del accidente, proporcionando
una comprensién mds profunda de cémo los sistemas de retencién funcionan en una amplia
gama de escenarios del mundo real.

Esta tesis presenta varios hallazgos relacionados con los sistemas de retencién de los ve-
hiculos y su impacto en las lesiones. Se desarrollé una herramienta para identificar la pres-
encia y caracteristicas de dispositivos de pretensado y de limitacién de carga en los sistemas
de retencién de vehiculos utilizando mediciones de fuerza en un choque. La herramienta
demostré un excelente rendimiento al identificar la presencia de dispositivos de pretensado
(puntuacién F1: 0.95) y una alta precisién para dispositivos de limitacién de carga de una
sola etapa (puntuacién F1: 0.90). Sin embargo, mostré un rendimiento moderado para dis-
positivos de limitacién de carga de doble etapa (puntuacién F1: 0.77). Las configuraciones
detalladas de los sistemas de retencién para 1,318 vehiculos se hicieron disponibles puablica-
mente a través de un repositorio de GitHub. Para el primer enfoque de evaluacién del im-
pacto de los sistemas de retencién en las lesiones, los datos de incidentes de tréfico reportados
en NASS CDS se complementaron con informacién detallada sobre dispositivos de preten-
sado y de limitacién de carga. Esto reveld asociaciones significativas entre estas caracteristicas
y las lesiones. Las fuerzas de limitacién de carga se clasificaron en bajas (por debajo de 4.5 kN)
y altas (por encima de 4.5 kN) para comprender mejor su impacto. La presencia de estos dis-
positivos se vinculd con una reduccidn significativa en las lesiones fatales, con una reduccién
que varfa segtn el nivel de fuerza del limitador de carga (OR = 0.31 para dispositivos de baja
fuerza, OR = 0.42 para dispositivos de alta fuerza). Los dispositivos de limitacién de carga
de baja fuerza se asociaron con un menor riesgo de lesiones AIS 3+ en todo el cuerpo (OR
=0.70), y ambas categorfas de fuerza de limitacién de carga se relacionaron con un menor
riesgo de lesiones AIS 2+ en todo el cuerpo en choques con delta-v altos. Sin embargo, no
se encontraron asociaciones significativas entre la presencia de dispositivos de pretensado y
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de limitacién de carga y los riesgos de lesiones en regiones especificas del cuerpo. Para el se-
gundo enfoque, se desarrollé un método que empleé modelos computacionales para estimar
el impacto de los sistemas de retencién en las lesiones estimadas por el modelo. Aunque el
método basado en modelado computacional no capturé con precisién las distribuciones de
lesiones del mundo real, proporcioné algunas ideas sobre cémo las variaciones en las condi-
ciones de choque afectan los resultados de las lesiones. Surgieron diferencias significativas
entre las predicciones de los modelos de Multibody (MB) y de Elementos Finitos (FE), con
el modelo de cuerpo humano (HBM) de FE adaptado a diferentes antropometrias demostrd
un mayor potencial para capturar el impacto de los sistemas de retencién en una variedad de
condiciones de choque. El método también destacé que las fuerzas de limitacién de carga
mds bajas estaban significativamente relacionadas con una reduccién en el riesgo de fractura
de costillas tanto en valores pequefios como grandes de delta-v. Aunque el método demostrd
la capacidad de evaluar los efectos de las configuraciones de los sistemas de retencién en los
resultados de las lesiones, ain no permite hacer predicciones precisas del nimero de lesiones
que podrian evitarse por cada 1,000 incidentes de trifico. Mejoras futuras en las predicciones
de criterios de lesiones, especialmente para incidentes de trifico de baja severidad, podrian
mejorar la precisién de estas estimaciones.
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1 INTRODUCTION

This chapter discusses the motivation for this work, presents this thesis’s scope, and objec-
tives, and concludes by presenting the overall structure of the work. The motivation begins by
addressing the burden of road traffic fatalities. It then provides an overview of vehicle safety
assessments, focusing on the role of anthropomorphic test devices and human body mod-
els for the development and optimisation of restraint systems. The discussion then shifts to
the influence of restraint system configurations on preventing occupant injuries, emphasis-
ing their critical role in enhancing safety. A brief overview is provided on the application of
metamodels for estimating injury risks, predicting injury patterns, and exploring how these
predictions can be carried out. Finally, the thesis scope and objectives are presented, and a
description of the thesis layout is provided.

1.1 LITERATURE REVIEW AND MOTIVATION

Road traffic deaths continue to be a significant global public health issue, with 1.19 million fa-
talities reported in 2021, according to the latest report from the World Health Organization
(WHO, 2023a). Road traffic injuries remain the leading cause of death for individuals aged
5-29 years and are the 12t leading cause of death across all age groups (WHO, 2022). Ad-
ditionally, between 20 and 50 million people sufter non-fatal injuries annually due to road
traffic incidents (WHO, 2023b). These injuries often lead to long-term disabilities that signif-
icantly diminish the quality of life for the affected victims. Moreover, the economic burden
of these incidents is substantial, costing societies between 1% and 3 % of their Gross Domestic
Product (GDP), and in some cases, as much as 6 % (Dalal et al., 2013).

Different initiatives have been launched to address this issue, such as the Decade of Action
for Road Safety 2021-2030 and the Vision Zero Initiative. The Global Plan for the Decade
of Action was developed by the WHO and the United Nations (UN) regional commissions,
aiming to prevent at least 50 % of road traffic deaths and injuries by 2030 (WHO et al., 2021).
The Vision Zero Initiative, first introduced in Sweden in 1994, seeks to eliminate road traffic
fatalities based on the principle that “No loss is acceptable” (Vision Zero Initiative - TRIMIS -
European Commission 2017). The European Union (EU) has adopted these principles, aligning
its objectives with the Decade of Action by committing to reduce by half road deaths by
2030 and achieve zero fatalities and serious injuries in Europe by 2050 (European Commission,
2019).

The WHO classifies road users into five categories: 4-wheelers, powered 2/3-wheelers, cy-
clists, pedestrians, and others. The mentioned initiatives aim to reduce deaths and injuries
across all categories of road users. Regarding 4-wheeler occupants, 25 % of road traffic deaths
globally were observed among these road users, with this figure rising to 50 % in the European
region, according to the WHO (2023a).
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1.1.1 VEHICLE SAFETY ASSESSMENT

Safer vehicles are one of the aims of the above-mentioned initiatives to enhance road user
safety. Regarding 4-wheeler road users, vehicle safety improvements have saved over 600,000
lives in the United States between 1960 and 2012 (Kahane, 2015). The vehicle’s structural in-
tegrity and the restraint system are the primary components used to protect the occupant.
Restraint systems, such as seatbelts and frontal airbags, have proven to be highly effective
in reducing fatalities. According to the National Highway Traffic Safety Administration’s
(NHTSA) National Center for Statistics and Analysis (National Center for Statistics and Anal-
ysis, 2019), over 17,000 lives were saved in the United States in 2017 due to the use of these
restraint systems. However, an additional 2,500 lives could have been saved if all passengers
had been wearing seatbelts.

In the development of restraint systems, Anthropomorphic Test Devices (ATDs) are used
to predict the mechanical response of human occupants in vehicle collisions. Government
and consumer testing programs and vehicle manufacturers utilise ATDs in a set of crash test
configurations based on real-world collisions and evaluate the performance of restraint sys-
tems (Hershman, 2001; Hobbs et al., 1998; O'Neill, 2009). Physical measurements, such as ac-
celerations, forces, and deformations, are collected to estimate the risk of a human occupant
sustaining an injury in a crash. Injury severity scales are used to classify the potential injuries
thatan occupant could sustain. One widely used system is the Abbreviated Injury Scale (AIS),
developed by the Association for the Advancement of Automotive Medicine (AAAM, 2008),
which provides a scale from 1 (least severe) to 6 (most severe) that describes the potential
threat to life posed by an injury among other dimensions (Segui-Gémez et al., 2011).

Using the AIS scale, specific injury severities or groups (such as AIS 2 or AIS 3+) are em-
ployed to develop injury criteria, which are then linked to the risk of sustaining an injury
through injury risk functions. An injury criterion is a physical measurement extracted from
the ATD that is linked to injury risk, such as chest deflection and the risk of a thoracic injury
(Horsch et al., 1991). These physical measurements and injury risk are linked using an injury
risk function that is derived from experiments using Post Mortem Human Subjects (PMHS)
in similar loading conditions. This approach enables the estimation of injury risk in crash
scenarios based on measurable physical responses from ATDs. Consequently, the configura-
tion of the restraint system can be optimised to minimise the risk of occupant injuries using
crash tests and computer simulations.

1.1.2 RESTRAINT SYSTEM CONFIGURATION IMPACT ON OCCUPANT INJURIES

This lack of effectiveness in preventing severe thoracic injuries is particularly concerning,
given that modern restraint systems incorporate advanced and costly features such as mul-
tistage airbags, load limiters, pre-tensioners and knee airbags. Despite these technological
advancements, these systems have not yet shown the expected reduction in thoracic injury
risk in real-world crashes.

A recent analysis of the National Automotive Sampling System Crashworthiness Data Sys-
tem (NASS CDS) showed that in n crashes with newer model-year vehicles, the risk for the
occupant to sustain AIS 2+ and AIS 3+ injuries to the lower extremities and head was sig-
nificantly reduced while the reduction in AIS 3+ rib or sternum fractures was no significant
(Forman et al., 2019). This lack of effectiveness in preventing severe thoracic injuries is par-
ticularly concerning, given that modern restraint systems incorporate advanced and costly
features such as multistage airbags, load limiters, and pre-tensioners of varying magnitudes
and locations. Despite these technological advancements, these systems have not yet shown
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the expected reduction in thoracic injury risk in real-world crashes. On the contrary, several
other experimental studies using PMHS and ATD, as well as studies using computational hu-
man body models (HBMs), which are computational representations of the human anatomy,
have suggested that seat belt systems incorporating pre-tensioners and load-limiting devices
were effective in the prevention of thoracic injuries (Forman et al., 2009; 2008; Kent et al., 2001;
2007; Michaelson et al., 2008).

Previous research has suggested that while experimental studies, whether involving physi-
cal testing or computational simulations, may be pertinent for designing and evaluating the
nominal impact of more advanced restraint systems, the actual effectiveness of these systems
can only be estimated when they are assessed using real-world injury data (Segui-Gomez et al.,
2009). Using data from the fatality analysis reporting system (FARS), NHTSA estimated that
abelted driver or front seat passenger had, on average, an estimated 12.8 % lower fatality risk if
the seat belt was equipped with a pre-tensioner and a load limiter than if it was not equipped
with either. However, the large 95 % confidence interval (2.6 % - 23.0 %) suggests that the
estimation needs to be refined, perhaps by increasing the size of the analysed sample (Kahane,
2000).

A non-negligible difficulty for these large epidemiological studies is the challenge of con-
trolling for all the independent variables that might have had an effect on the analysed out-
come. In the specific case of thoracic injuries, such a real-world assessment would require that
the crash database be used, including whether the vehicles were equipped with pre-tensioners
and load limiters. Moreover, it would also need to include the force levels at which these sys-
tems act on the passengers, as these values differ between different vehicle models.

NASS CDS has been an essential data source for this epidemiological evaluation, given
the detailed information collected in the system. However, the characteristics mentioned
above of advanced seat belts are not included in this database, making it difficult to assess
their effect using real-world data. Augmenting the database with information on restraint
system configurations would enable more comprehensive analyses of their impact on injury
outcomes.

NHTSA provides consumers with information on the crashworthiness performance of ve-
hicles through the New Car Assessment Program (NCAP). The NCAP program uses difter-
ent crash conditions, such as front and side-impact crashes and rollover resistance, to test the
crashworthiness of vehicles. The data generated from these tests are shared with consumers
through a user-friendly five-star rating system. In contrast, the technical data are available
via the NHTSAs research testing database (NHTSA, 2023). This database contains detailed
reports, videos, pictures and time history measurements from the tests, which can be utilised
to identify the features of the restraint system.

1.1.3 VIRTUAL ANTHROPOMORPHIC TEST DEVICE AND HUMAN BODY MODELS

Computer models offer a complementary approach to studying crash data gathered from
real-world collisions. This method allows analysts to explore scenarios based on real-world
crashes, investigate effects that may not be statistically significant in existing datasets, and ex-
amine the performance of restraint systems that have not yet penetrated the vehicle fleet, as
well as new solutions that have not been released to the market. Moreover, computer simula-
tions enable the controlled manipulation of variables, allowing analysts to isolate and analyse
the impact of specific factors on injury outcomes.

In recent years, human body models (HBMs) have been developed to further enhance the
assessment of passive vehicle safety. These HBMs are computational representations of hu-
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man anatomy, enabling the simulation and analysis of how the human body responds to
vehicle collisions. They are designed and validated for omnidirectional injury risk assessment
(Gayzik et al., 2011; Kato et al., 2018; Meijer et al., 2013; Osth et al., 2017; Pipkorn et al., 2023),
complementing ATDs, which were traditionally developed for specific crash directions (Fos-
ter et al., 1977; Lowne et al., 1987; Neilson et al., 1985; Page, 2001; Parent et al., 2013). Further-
more, ATDs were designed to withstand repeated use in research and regulatory crash tests,
leading to requirements for repeatability and reproducibility in addition to biofidelity to hu-
man response (Crandall et al.,, 2011). However, previous research has shown that these require-
ments can limit the ability of ATDs to accurately mimic human responses (Beeman etal., 2012;
Higuchi et al., 2019; Lopez-Valdes et al., 2018; Lépez-Valdés et al., 2016; Perez-Rapela et al., 2019;
Seacrist et al., 2010). Furthermore, HBMs enable the prediction of injury outcomes at a tissue
level and a level of detail that can not be implemented in ATDs.

HBMs are typically employed using two main types of computer models: multibody (MB)
models and finite element (FE) models. MB models simplify the human anatomy by repre-
senting it as a system of rigid bodies connected by idealised joints. This approach allows for
efficient simulation of the human body’s overall motion and dynamics during vehicle col-
lisions. Additional elements, such as muscles and ligaments, can be included to increase
anatomical fidelity. One widely used MB model is distributed by Simcenter Madymo™
(Helmond, The Netherlands), which represents a 50t percentile male occupant and has been
validated for omnidirectional injury risk assessment (Meijer et al., 2013). However, due to the
simplifications in their design, MB models primarily apply directional injury criteria similar
to those used with ATDs. On the other hand, FE models provide a more detailed and anatom-
ically accurate representation of the human body. FE models divide the human anatomy into
thousands or even millions of smaller elements to mimic the mechanical behaviour of tis-
sues, bones, and organs during impact scenarios. This enables using stress-, strain-, pressure-
and energy-based injury criteria for specific anatomical structures to predict complex injury
mechanisms, which do not apply to ATDs due to their lower anatomical detail (Fahse et al.,
2023). However, using FE models has significantly higher computational demands, making
simulations more resource-intensive and time-consuming.

Figure 1.1 shows an example of each modelling technique. Subfigure (a) shows an MB
HBM driver in a simplified vehicle interior. Subfigure (b) shows an FE HBM driver and
front-seat passenger in the interior of a vehicle. These occupants represent a S0 percentile
female and SO percentile male anthropometries, respectively.

Pipkorn etal. (2020) studied moderate to severe injuries in passenger vehicle crashes to estab-
lish guidelines for developing HBMs. Their findings suggest that future HBM development
should focus on head, thorax, and lower extremities injuries. Additionally, previous research
has shown that specific segments of the population, such as elderly, obese, and female oc-
cupants, are at a higher risk of death and serious injuries in these body regions (Abrams et al.,
2020;2022; Bose etal., 2011; Carter et al., 2014; Forman etal., 2019; Kahane, 2013b; Noh etal., 2022;
Ranmal etal., 2024; Viano etal., 2008). While factors such as crash severity and vehicle type ex-
plain some of the differences between male and female occupants (M. Brumbelow, 2023; M. L.
Brumbelow et al., 2022), a deeper understanding of how these groups interact with restraint
systems could be essential for developing systems that are effective in preventing injuries in
these groups when developing adaptative restraint systems (Anja et al., 2011; Boyle et al., 2020;
Huang et al., 2015; McCarthy et al., 2001; Miller et al., 1996; Shin et al., 2007; W. Sun et al., 2023).

Kent et al. (2005) categorised the anatomical factors that influence injury risk into three
groups: geometric, compositional, and material. In terms of geometric variation, current
HBMs are primarily based on the anthropometries used to develop ATDs, which represent
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(a) MB HBM example (b) FE HBM example

Figure 1.1: Examples of MB and FE HBM:s in a driver and/or front seat passenger position. The MB
HBM is the Madyno 50t percentile male occupant. The FE HBM is the VIVA+ HBM in
its two occupant variations: the 50t percentile female occupant is seated in the driver po-
sition, and the SO™ percentile male occupant is seated in the front seat passenger position.

ash percentile (small size) female, a 50t percentile (average size) male, and a 95th percentile
(large size) male. The THUMS (Kato et al., 2018) and GHBMC (Gayzik et al., 2011) HBMs
follow this distribution. In contrast, the VIVA+ HBM (John et al., 2022) has been developed
to represent both a SO percentile male and female occupant. The SAFER HBM (Pipkorn
etal., 2023), however, was developed with a single size, representing a SO percentile male.

Despite these standardised sizes, FE models enable morphing the baseline HBM to spe-
cific anthropometries using frameworks like PIPER (Beillas et al., 2016) and parametric HBM
morphing (Hwang et al., 20162; ¢). Figure 1.2 shows a simplified example of the morphing
technique used to adjust the HBM anthropometry. After morphing the HBM, it is essen-
tial to validate the new anthropometry to ensure it accurately mimics the behaviour of such
occupants (Hwang et al., 2020; Larsson et al., 2021b; Schoell et al., 2015). These models can also
be adjusted to simulate drivers and passengers in postures commonly observed in real-world
scenarios (Park etal., 2016; Reed etal., 20205 2002). Compositional and material changes across
occupants can also be included on these morphed HBMs in the obtention of the computer
model (Larsson et al., 2021a; 2023).

1.1.4 EXPLORATION OF INJURY RISK USING METAMODELS OR SURROGATE
MODELS

Computer models can be employed to estimate the effectiveness of advanced restraint systems
under real-world conditions. As mentioned, existing software and models allow for the sim-
ulation of different combinations of occupant anthropometries, vehicles, and impact condi-
tions to assess injury risk. However, two significant challenges may limit the use of computer
models for this objective. First, real-world crash databases do not gather all the information
necessary to reconstruct such detailed models accurately. Second, even if this information
were available, modelling each individual case would be impractical due to the substantial
effort required to develop a detailed model for every scenario.

To address these challenges, previous studies have integrated real-world variability into
their simulations to investigate its impact on injury outcomes. The selection of an appro-
priate design of experiments is crucial in minimising the number of simulations needed to
capture the effects of these variations effectively (Schneider et al., 2022). Two main approaches
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Figure 1.2: Example of the SAFER HBM being morphed into four different anthropometries.

have been applied when selecting the number of cases for large sets of simulations. On one
hand, some studies predetermined the number of simulations (Hu et al., 2016; Hu et al., 2015;
2017; 2019; Hwang et al., 2016b; Iraeus et al., 2016; Joodaki et al., 2020a; 2021). On the other
hand, the number of simulations can be increased iteratively until a specific condition is met.
For example, Larsson et al. (2024), Perez-Rapela et al. (2020), and Schneider et al. (2022) selected
the number of simulations based on the convergence of a metamodel (i.., surrogate models).
These metamodels are functions that correlate the input(s) used to construct the simulation
model with the output(s) of the model, providing a more efficient way to explore complex
relationships.

The convergence of these metamodels is typically assessed based on their prediction error,
which is defined as the difference between the actual output of the simulations and the meta-
model’s prediction for the same input (i.e., the same impact conditions). Different mathe-
matical functions or regression models can be used to develop the metamodel, such as the
least absolute shrinkage and selection operator (LASSO), neural networks (NN), support
vector regressions (SVR), and Gaussian process regression (GPR). However, the most suit-
able regression model for a given application is often unknown until the prediction error is
measured.

Accurately determining the appropriate number of simulations (i.e., the sample size) and
selecting the optimal regression method are critical steps in developing a metamodel that re-
liably predicts the output of the computational model. To achieve this, the sample size is
gradually expanded until the metamodel converges, as indicated by the stabilisation of its
prediction error. Once the final metamodels are obtained, the one with the lowest prediction
error is selected to replace the computational model, providing an efficient surrogate model
for further analysis.
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1.1.5 PREDICTION OF INJURIES AND INJURY PATTERNS

A computer model should aim to predict trends that closely align with those observed in
real-world crashes under similar conditions. While achieving precise predictions of injury
outcomes remains challenging, the correlation between the outputs of these models and real-
world crashes can be assessed in several ways, such as comparing the risk for an injury (Hu
et al., 2015; Iraeus et al., 2016; Takhounts et al., 2019) or the incidence of injuries (Bance et al.,
2021; Kim et al., 20205 Perez-Rapela et al., 2020; Wang et al., 2021). On the one hand, the risk
comparison has been carried out under selected crash conditions (Hu et al., 2015; Takhounts et
al., 2019) or through the comparison of an injury risk function obtained from real-world data
and the model (Iracus et al., 2016). On the other hand, the prediction of injuries of a specific
severity has been used for calculating global injury metrics (Kim et al., 2020; 2023), predicting
victims’ triage based on the severity of specific injuries (Bance et al., 2021; Wang et al., 2021),
and for predicting the number of injured occupants (Perez-Rapela et al., 2020). However, the
methodologies used for these estimations differ across the mentioned studies.

Predicting injuries based on the model output is particularly challenging when translating
a physical magnitude measured in the model to actual injuries. This conversion may require
the use of an injury risk function to obtain the risk of sustaining an injury of a certain AIS
severity (AAAM, 1998; 2008). However, beyond determining the likelihood of a specific in-
jury, it is crucial to develop a method that can assign whether the model predicts an actual
injury based on the estimated probability. For instance, let us assume that the model predicts
a chest deflection of 60 mm in a particular simulation. This deflection is associated with
a 30 % probability of sustaining an AIS 3+ injury to the thorax as given by the Hybrid III
50t percentile male dummy using maximum chest deflection injury criterion (Eppinger et
al., 1999). However, when aggregating injury predictions from all simulations to benchmark
them against real-world injury distributions, a key question arises: How can we determine
whether the 30 % probability of sustaining the injury should be counted as an actual injury?

The studies referenced have employed two primary approaches to address the challenge of
determining whether a predicted injury risk should be classified as an actual injury. The first
approach, referred to as the “deterministic method,” categorises an occupant as either injured
or non-injured based on a predefined threshold value. This threshold can be set arbitrarily or
optimised to achieve specific objectives (Lubbe et al., 2015). For instance, both Bance et al.
(2021) and Wang et al. (2021) adopted a 25 % injury risk threshold to predict if the occupant
sustained an injury of a specific severity, applying the threshold to an injury risk function
tailored to each AIS level. Another example is provided by Perez-Rapela et al. (2020), which
predicted the occurrence of head injuries based on the metamodel’s predicted head excursion.

The second approach, referred to as the “probabilistic method,” uses the injury probabil-
ity predicted by the injury risk function to determine whether an injury has occurred. This
is performed by randomly sampling from a binomial distribution, which simulates a popula-
tion of occupants exposed to the same crash conditions (Kim et al., 20205 2023). This method
emulates a pool of occupants who crashed under the same conditions, with only a group of
them sustaining injuries according to the injury probability. Then, the method randomly
selects an occupant of the pool to obtain the crash outcome.

These two methods are referred to as “deterministic” and “probabilistic” because, while
the injury criteria values generated by a computer model remain consistent for the same in-
put conditions, the predicted injury severity may differ depending on the method used. In
the deterministic approach, an injury is considered to have occurred if a predefined injury
threshold is exceeded. Consequently, this method produces the same injury severity for iden-
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tical input conditions every time. In contrast, the probabilistic method introduces a random
component into the evaluation process, meaning that the predicted outcome may vary, even
when the same input conditions are applied repeatedly. Despite the use of both approachesin
prior research, to our knowledge, a rigorous comparison of their outcomes has not yet been
undertaken.

1.1.6 MOTIVATION

Road traffic crashes continue to be a significant public health issue, and improving vehicle
safety remains a critical strategy in reducing the severity and frequency of injuries sustained
in such incidents. Restraint systems play a ritual role in protecting occupants during colli-
sions as a part of the different safety features used in the vehicle fleet. The true efficacy of
vehicle safety systems, however, can only be evaluated through analyses that integrate real-
world crash data. This integration provides a more comprehensive understanding of how
restraint systems function across various crash scenarios and occupant characteristics.

The performance of vehicle restraint systems is influenced by a multitude of factors, in-
cluding the specific characteristics of the crash and the individual characteristics of the oc-
cupants. Designing restraint systems that reliably protect across such diverse conditions re-
quires a nuanced understanding of how these systems behave during real-world collisions.
While previous studies have generally addressed the performance of vehicle safety features
using crash databases, they have, to our knowledge, lacked a detailed description of restraint
systems. This includes how these features may vary across different vehicle models and manu-
facturing years. By accounting for the detailed, vehicle-specific attributes of restraint systems,
it becomes possible to more accurately evaluate their role in mitigating injuries across a wide
range of real-world crash conditions. This specificity may be a very important component
for the development of more effective and adaptable safety systems.

One of the key challenges in using real-world crash data to evaluate restraint systems is
the difficulty in isolating the effects of specific restraint features. This is often due to the
limited number of cases where these features are present, which can undermine the statistical
significance of the findings.

One of the challenges in using real-world crash data to evaluate restraint systems may rely
on the difficulty of isolating the effects of specific restraint features. This may be the result
of the limited number of cases where these features are present, which can undermine the
statistical significance of the findings. Furthermore, isolating individual factors that con-
tribute to injury outcomes can be difficult in such complex, multifactorial events. To over-
come these limitations, the use of computer simulations presents a powerful alternative. By
leveraging computational models, controlled environments can be created where individual
factors (such as restraint system characteristics) can be isolated and tested under a wide array
of crash scenarios. HBM:s offer an advanced means of simulating the impact of these factors
on injury risk, enabling more precise predictions of injury outcomes.

The ability to predict injury outcomes and patterns through simulations opens new av-
enues for advancing the comparison of computer model results with real-world crash data.
For example, Kim et al. (2020) used estimated injury severities across various body regions to
calculate a whole-body injury metric, which was then validated against actual pedestrian in-
jury data. This method illustrates the potential for simulations to complement the findings
from existing injury databases, such as the NASS CDS. These databases often reveal com-
plex injury patterns, with some individuals suffering multiple injuries in a single event. These
complex injury patterns may be influenced by underlying factors, which can be further ex-
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plored through computer models. Therefore, estimating the number and severity of injuries
using computer models could complement current methodologies and offer valuable insights
for improving vehicle restraint systems.

Further research into real-world crash data has already begun to uncover key injury trends
among vehicle occupants. For instance, a study by Suarez-del Fueyo et al. (2020) clustered
NASS CDS data for belted occupants to examine patterns of AIS 3+ injuries across different
body regions, accounting for both occupant and crash severity characteristics. Their find-
ings highlighted several trends, including a higher incidence of knee, thigh, and hip injuries
among obese occupants and a reduction in severe injuries in newer vehicle models in lateral
impacts. Notably, thoracic injuries were identified as the most common severe injury, partic-
ularly among elderly occupants. However, this study did not account for the type or effec-
tiveness of the restraint systems used, which could enhance the understanding of their impact
on preventing injuries. Including this information could provide valuable insights into how
changes in restraint systems influence injury outcomes, potentially improving safety in some
regions while inadvertently increasing risk in others for some conditions. This data could be
instrumental in optimising future adaptive restraint systems for robust occupant protection.

1.2 SCOPE AND OBJECTIVES OF THE THESIS

The aim of this PhD dissertation is to develop a method for assessing the impact of restraint
systems on injury outcomes, considering the variability of real-world crash conditions. First,
the presence and characteristics of the restraint system features (the pre-tensioning and load-
limiting devices) implemented in vehicles were identified from crash test data. Second, two
approaches were used to evaluate how the identified restraint systems impacted the injury
outcomes in real-world crash conditions. The first approach combined real-world crash data
with the restraint systems to estimate the injury risk using a logistic regression method. The
second approach combined a vehicle interior sled model, a human model and real-world crash
conditions to assess the impact of restraint systems on predicted injury outcomes.

Thus, to achieve the aim of this dissertation, the following three specific objectives were

proposed:

* Objective 1: To develop a method for identifying the presence and characteristics of
restraint system features.

* Objective 2: To assess the effect of restraint systems on injury risk using real-world
crash data.

* Objective 3: To assess the effect of restraint systems on predicted injury outcomes
based on computer modelling incorporating real-world crash conditions.

1.2.1 THESIS OUTLINE

This dissertation is organised into five chapters. The first chapter presents the introduction
and outlines the scope of the dissertation. The second chapter addresses the first and second
objectives mentioned above. Chapters three and four are dedicated to exploring the third ob-
jective. Finally, the fifth chapter provides a discussion of the dissertation, its conclusions, and
recommendations for future research. In addition to the main chapters, seven appendices are
included at the end of the manuscript, offering supplementary information. Furthermore,
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Figure 1.3: Flowchart illustrating the chapters and methodologies employed throughout the disserta-
tion.

Figure 1.3 presents a flowchart highlighting the materials, methods, and the corresponding
chapters in which they were applied.

Chapter 2 address the first and second objectives of the dissertation. This chapter details
the development and validation of the method for automatically identifying restraint system
configurations. It also includes a discussion on the evolution of identified restraint system
characteristics over the last 40 years. This chapter offers a comprehensive description of the
database augmentation process and presents the results of the multivariate logistic regression
analysis for moderate and severe injuries. The overall structure and flow of this chapter are
illustrated within the red dashed rectangle in Figure 1.3.

Using a sample from real-world crashes is not without its limitations, such as the poten-
tial lack of statistically significant results in the available sample studied or the difficulty in
isolating individual factors. To overcome these challenges, Chapters 3 and 4 focus on the
third objective of the dissertation by developing a method to assess the impact of restraint
system characteristics on injury outcomes using computer models (and therefore, generating
an ad-hoc population of crashes to carry out this assessment).

The developed method is designed to estimate how restraint systems impact injury out-
comes in real-world conditions. To achieve this, Appendix C provides a detailed description
of the distributions for the variables that describe the crash configurations observed in Chap-
ter 2. To ensure the method accurately predicts injury outcomes, Chapter 3 and Chapter 4
present a comparison of the injury outcomes estimated from deterministic and probabilistic
approaches with the injury data presented in Chapter 2. These two approaches have been
applied by previous studies to estimate injury outcomes in the real world (Bance et al., 2021;
Kim etal., 2020; Perez-Rapela et al., 2020; Wang et al., 2021). On the one hand, the deterministic
approach applied threshold values based on the lower limits used at Euro NCAP for the As-
sessment Protocol for Adult Occupant Protection (Euro NCAP, 2023a). On the other hand,
the probabilistic method was based on Kim etal. (2020) but used just two injury severity levels.

10
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This comparison took into account the number of estimated injured occupants, the injury
patterns sustained, and the conditions under which these injuries were predicted. Bench-
marks of the estimations of the method are presented using the Madymo human model for
MB simulations and the SAFER HBM, morphed into different anthropometries, for FE sim-
ulations. Chapter 3 focuses on the application of the MB model, while Chapter 4 details the
use of the FE model. The method applied in these chapters is illustrated within the green and
blue dashed rectangles in Figure 1.3.
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2 CHARACTERISATION OF RESTRAINT
SYSTEMS AND ASSESSMENT OF THEIR
INFLUENCE ON OCCUPANT INJURY RISK
IN REAL-WORLD CRASHES

This chapter focuses on identifying the presence and characteristics of restraint system fea-
tures and assessing their impact on injury risk using real-world data. To achieve this objective,
augmenting the real-world crash database with detailed information on the restraint system
configurations was necessary. Thus, the presence and characteristics of restraint system fea-
tures were identified from crash test data, which required developing and validating an algo-
rithm to identify these elements accurately. Then, the augmented dataset using the identified
restraint systems was utilised in a multivariate logistic regression model to study the influence
of these characteristics on injury outcomes. Additionally, the chapter provides a description
of how the presence and characteristics of restraint system features have evolved over the past
forty years, which enabled a second validation of the identified method.

2.1 INTRODUCTION

To effectively assess the impact of restraint systems on the real world, the developed method
must be applicable across all types of crashes. While it is possible to study every crash scenario,
this research specifically concentrated on a targeted subset of frontal crashes. The selection of
this subset was guided by two primary factors: the availability of crash test data to analyse the
features and configuration of the restraint systems, and the focus on crash types associated
with the highest rates of fatalities and injuries among occupants.

In 2021, frontal crashes accounted for approximately 65 % of fatal outcomes and 60 % of
injuries in passenger vehicle crashes in the United States (US) (National Center for Statistics
and Analysis, 2023). Meanwhile, NHTSA provides public access to test databases (NHTSA,
2023) that contain engineering data collected from various research and testing activities, in-
cluding the NCAP program, biomechanics studies, sled tests, and compliance testing. These
databases include detailed reports, videos, images, and time history measurements from the
tests. This study focused specifically on crash tests conducted under the NCAP program.
Vehicle-to-barrier crashes carried out within this program were selected as the most represen-
tative impact condition for frontal crashes.

Vehicle restraint systems are compromised of several integrated components that collabo-
rate to protect occupants during a crash. Key components include seat belts, load limiters,
pre-tensioners, frontal airbags, side airbags, head restraints, child restraint systems, collapsi-
ble steering columns, knee bolsters, knee airbags, and anti-submarining pans. According to
National Center for Statistics and Analysis (2019), almost 15,000 lives were saved in the US in
2017 due to the use of seat belts.

13
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The seat belt provides a better restraint when tightly adjusted, but a three-point belt with
a retractor sacrifices some initial restraining ability for daily comfort (Haland, 2006). The in-
troduction of the retractor pre-tensioner, first installed by Mercedes-Benz in 1983, addresses
this by quickly tightening the belt in response to a crash, effectively reducing upper-torso
load during frontal collisions. The most significant advancement in the three-point seat belt
is shoulder belt force limitation (Hiland, 2006). Renault introduced a 6 kN retractor load
limiter in 1995, later reduced to 4 kN in 1998 with an optimised airbag to reduce chest de-
flection.

While different features influence occupant behaviour during a crash, the presence of load-
limiting and pre-tensioning devices can be specifically identified through time-history mea-
surements taken from the seat belt during crash tests. Figure 2.1 illustrates the identification
of the pre-tensioning and load-limiting features within the restraint system. The presence of
a pre-tensioner device is indicated by a sharp increase in seat belt force captured by the load
cell, which is typically triggered by a pyrotechnic charge, among other mechanisms. As for
the load limiter, its presence is characterised by the stabilisation of force measured in the load
cell, resulting from the plastic deformation of a component designed to limit the maximum
force exerted on the occupant by the seat belt.

Belt tension force
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Figure 2.1: Identification of pre-tensioning and load limiting features from seat belt loadcell time-
history measurements.

These measurements also enable the identification of specific characteristics of the restraint
system features, such as the activation time (time-to-fire, or TTF) and the force applied by
the pretensioner device, as well as the load-limiting force provided by the load limiter. Con-
sequently, the method for identifying restraint system configurations was developed to focus
on these characteristics, utilising data from vehicle-to-barrier crash tests conducted under the

NCAP program.

The NCAP program is dedicated to evaluating vehicles sold in the US, meaning the identi-
fied characteristics of restraint systems are specific to the US vehicle fleet. Consequently, the
analysis of restraint system effectiveness was conducted within the US context. The NASS
CDS, which collected crash data nationwide from 1979 to 2015, provides a comprehensive
record of police-reported crashes where at least one vehicle required towing due to dam-
age. To augment the data of the NASS CDS, restraint system characteristics identified from
NCAP crash tests were merged into the dataset. Both the NASS CDS and NCAP databases
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include Vehicle Identification Numbers (VINS) for vehicles involved in crashes, enabling the
use of specific metadata within the VIN for this data augmentation process.

2.2 METHODS

This section of the chapter is divided into three parts. The first part explains the method
to characterise the pre-tensioning and load-limiting devices based on force time history mea-
surements. The second part explains the method to carry out a descriptive analysis of the
adoption of the mentioned features and the evolution of the identified characteristics. The
last part explains the method to aggregate the data from the restraint system characteristics
to the NASS CDS database and assess the influence of such characteristics on AIS 2+ and
AIS 3+ real-world injuries. Figure 2.2 shows a brief summary of the methodologies applied
in the chapter to identify the restraint system characteristics and assess their impact on occu-
pant injuries using real-world crashes.
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Figure 2.2: Flowchart illustrating the methodologies employed in this chapter.
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risk in real-world crashes

2.2.1 CHARACTERISATION OF PRE-TENSIONING AND LOAD-LIMITING DEVICES
IN THE RESTRAINT SYSTEM

DATA SOURCE

Data were gathered from NHTSA’s vehicle crash test database, including vehicles tested from
1980 onwards. Crash tests were filtered to retain the 56 km/h full-width frontal tests carried
out under the NCAP program. The metadata and ISO-MME files of these crash tests were
downloaded from the NHTSA webpage (NHTSA, 2023) to be used to develop characterisa-
tion algorithms of the restraint system used in the tested vehicles.

Force-time history curves measured at the driver’s and passenger’s lap and shoulder belts
were obtained from the ISO-MME files. The channel code and comments in these files were
used to identify where the force-time history curve was measured in the tests. Instrumen-
tation metadata and the comment section of the ISO-MME files were used to look for key-
words suggesting questionable and lost data or channel failure, and these readings were then
disregarded. The retained seat-belt force signals were re-sampled to 10 kHz using a linear
interpolation method.

VALIDATION SUBSET

A subset of randomly selected 60 % of the seat-belt force-time history curves was chosen to
serve as the validation subset of the characterisation algorithms. The curves in the validation
subset were inspected manually by a group of 9 people to determine the characteristics of the
restraint systems in the validation subset. These individuals were finalising the second year of
the Master’s program on Mobility and Safety at Universidad Pontificia Comillas, and all of
them had completed several courses on injury biomechanics, restraint systems and crashwor-
thiness. In addition, specific instructions about the procedure were provided to the group,
and further assistance was provided when needed. The instructions defined what character-
istics and how they should be classified according to the time-history signal of the seat-belt
forces. These instructions are shown in Appendix B.

As the actual configuration of the pre-tensioning and load-limiting devices used in vehi-
cles was not available, after the aforementioned manual inspection was completed, the iden-
tified values were reviewed to prevent misclassifications. These values were then used to tune
the identification algorithms and to assess their performance in identifying the presence and
characteristics of pre-tensioner and load-limiting devices.

PRE-TENSIONER CHARACTERISTICS: TIME-TO-FIRE AND PEAK FORCE

An algorithm was developed to identify three characteristics of the pre-tensioner: whether
a pre-tensioner was present, the magnitude of the pre-tensioner force, and TTF. The lap-
and shoulder-belt force-time history curves were analysed independently to identify these
characteristics in each section of the seat belt. This analysis was restricted to the first 30 ms
of the crash. A CFC 180 filter was applied to the signals to eliminate undesired noise.

A sliding time window was applied to each force-time history curve to measure the peak-
to-peak (PTP) force difference inside the time considered by the sliding window. The appli-
cation of this technique resulted in a second curve, which showed the PTP difference in the
time window, as illustrated in Figure 2.3. The time window analysed in the figure is shown
as a shadowed red rectangle in the original force-time history curve. The PTP force in this
period was plotted at the time represented by the red line in the resultant curve on the right
subfigure. A negative value was obtained if the highest value was observed before the lowest
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value. The widths of the sliding windows were between 0.5 and 5.0 ms, with increments of
0.5 ms. The sliding window width was selected to maximise the pre-tensioner identification
performance, i.c., the F1-score described below. The criteria for selecting the sliding window
width will be explained in detail later in this chapter. The PTP force-time history curve was
used to identify the maximum value and time of the peak.
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Figure 2.3: In red, an example of the sliding window applied to the first 30 ms of a force-time history
curve. The plot on the left side shows the original force-time history curve, and the plot
on the right side shows the result of applying the sliding window.

A binary classificatory algorithm was then used to classify the systems into two basic cat-
egories: restraint systems with and without a pre-tensioner. For this algorithm, a threshold
was defined, which was used to classify those curves with a maximum value higher than the
threshold as a restraint system with a pre-tensioner device affecting that seat-belt section. The
force-time history curves in the validation subset were used to find the best threshold for each
sliding window width.

Various metrics, such as recall, precision, accuracy and the F1-score, were utilised to eval-
uate the effectiveness of the aforementioned binary classification algorithm. In this study,
we defined the presence of a pre-tensioner as a positive case. Recall (Ting et al., 2010), also
known as sensitivity, is the proportion of true positive cases to total positives (i.e. cases with
a pre-tensioner that were correctly classified as such by the algorithm over the total number
of restraint systems with pre-tensioners). Precision (Ting et al., 2010), or confidence, is the
proportion of correctly classified positive cases among all predicted positive cases. Accuracy
(Sammut et al., 2010a) measures the proportion of all positive or negative cases that the algo-
rithm correctly classified. The F1-score (Sammutetal., 2010b) measures the algorithm’s overall
performance, considering precision and recall. This score is the harmonic mean of precision
and recall, providing a single metric that balances these two measures and is calculated with
the following equation:

2 - Recall - Precision
Fl-score = — (2.1)
Recall + Precision

The Fl-score was maximised for each sliding window to define the threshold force for de-
tecting a pre-tensioner. This metric was different for each sliding window. The optimal win-
dow width and the force threshold were selected to maximise the Fl-score across all window
widths.

After classifying the force-time history curves between those without and with a pre-ten-
sioner pulling on the belt section, the TTF and the force of the pre-tensioning device were
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determined for the curves included in the second group. A similar process as above was used
to identify these parameters, but in this process, the criterion used to identify the TTF and
the pre-tensioning force in the data was the minimisation of the means absolute error (MAE)
between the algorithm and the validation subset.

Note that as the criteria for choosing the optimal sliding window width were different
according to the characteristics under study, three widths were obtained as the optimal ones.

Thelocation of a pre-tensioner can be at the retractor, buckle or anchor plate, and multiple
pre-tensioner devices could be simultaneously used for a vehicle occupant. Although the
algorithm determines if a pre-tensioning force was observed at the lap or shoulder belt, the
actual location of the pre-tensioning device was not determined. Thus, the results are shown
in terms of the belt section where a sudden increase of the tension force (i.e., a pre-tension)
was observed, which could be either the lap belt, shoulder belt or both.

LOAD-LIMITER CHARACTERISTICS: FORCE LEVEL

A second algorithm was developed to detect and characterise load-limiting forces from the
shoulder-belt force-time history curves. This process was divided into two phases: first, the
shape of the force-time history curve was characterised; second, the load-limiting device char-
acteristics were extracted from the previous step.

Before applying the algorithm, the curves were filtered with a CFC 180. After filtering,
the curves were re-sampled using the Visvalingam-Whyatt algorithm (Visvalingam et al., 1993)
to obtain a similar shape curve with fewer points, which may not have resulted in evenly
distributed points in time. The simplified force-time history curve points were used to ob-
tain groups according to the point distance in the force and time axes, and these points were
grouped to obtain the load-limiting force levels. The outcome of this process resulted in three
categories: no force limiting in the restraint system; a single-stage force limiting feature in the
restraint system (when only one group of points maintaining similar distance between them
was found); or a dual-stage force limiting feature in the restraint system (when two groups of
points with similar distance were identified).

Specifically, the requirements so that a group of points was considered to have a similar
distance were the following:

¢ The PTP force between the group points must be smaller than 1.4 kN.

* The group points must be obtained from a continuous time series, i.e. all points from
the simplified force-time history curve between the minimum and maximum time of
the group must belong to the group.

* The average force of the group points must be higher than 1.5 kN.

* The duration of the group must be longer than 15 ms.

After applying the above conditions, it was noted that the algorithm had difficulties identi-
tying the first load-limiting force in restraint systems with dual load-limiting levels. However,
it correctly identified the second stage of load limiting. Thus, a time-series K-means cluster-
ing method was used to identify, based on their shape, which of the original curves could
be associated with a dual-stage load-limiting device. The clustering metric used to measure
the distance between the time series was the dynamic time warping (DT'W) distance. The
number of clusters was defined using the elbow method (Syakur et al., 2018), which involves
plotting the sum of distances of samples to their closest cluster centre against the number
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of clusters to identify a point where the rate of decrease sharply slows. This "elbow" point
indicates an optimal balance between minimising variance within clusters and avoiding over-
fitting by using too many clusters. The cluster corresponding to the dual-stage load-limiting
devices was then used to enhance the predictions of the first stage of load limiting.

Then, a new method was developed to characterise the load-limiting devices that were clas-
sified into the cluster associated with dual-stage load-limiting devices. The requirements to
identify the load-limiting stages were obtained by applying a genetic optimisation algorithm.
The goal of the algorithm was to maximise the Fl-score in the identification of the load-
limiting characteristics. The algorithm found the optimal set of values (requirements) for
a set of performance characteristics of the load-limiting device that achieved this goal. The
genetic algorithm required 150 generations with a population of 30 combinations of values
to find the following combination that maximised the Fl-score:

* The PTP force between the group points must be smaller than 0.79 kN.

* The group points must be obtained from a continuous time series, i.e. all points from
the simplified force-time history curve between the minimum and maximum time of
the group must belong to the group.

* The average force of the group points must be higher than 1.36 kN.
* The duration of the group must be longer than 5.45 ms.

With the previous variables, it was noted that the algorithm resulted in false positives for
some of the load-limiting devices in the sample. These were associated with two specific cases:
first, cases in which the algorithm identified the section of the curve right after the firing of
the pre-tensioner as a load-limiting stage; and second, cases in which a stable seat-belt force
during the rebound of the occupant was identified again as a load-limiting stage. The first
issue was solved by discarding potential load-limiting stages starting earlier than 5 ms after
the pre-tensioner TTF. The second one was avoided by filtering out those cases in which the
second load-limiting stage started later than t=75 ms.

The above method is summarised in Figures 2.4, 2.5 and 2.6, which shows examples of
the identification of load-limiting characteristics. Figure 2.4 shows an example of a force-
time history curve with no load-limiting device. The first figure shows the filtered force-time
history curve, followed by the result of the simplification algorithm. No load-limiting device
was found for this example, as no group fulfilled the abovementioned requirements. Fig-
ure 2.5 shows an example of a force-time history curve with a 1-stage load-limiting device.
The simplified force-time history curve shows a constant force of around 3.5 kN. The algo-
rithm identified this load-limiting force, which was represented in the red-shaded area. Fig-
ure 2.6 shows an example of a force-time history curve with a two-stage load-limiting device.
The simplified force-time history curve shows two stages of the load-limiting device. The al-
gorithm identified the first and second stages, shown as the red-shaded area, with a constant
force of around 5.1 kN and 3.3 kN, respectively.

The performance of the load-limiter identification algorithm was also measured by using
recall, precision, accuracy, and Fl-score.

2.2.2 DESCRIPTION OF THE EVOLUTION OF PRE-TENSIONING AND
LOAD-LIMITING DEVICES OVER THE LAST 40 YEARS

A descriptive analysis was conducted to examine how the characteristics of pre-tensioner and
load-limiting devices in vehicles used in NCAP full-barrier crash tests have evolved over the
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Figure 2.4: Example of applying the load-limiting characteristics identification algorithm to a case
with no load-limiting device.
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Figure 2.5: Example of applying the load-limiting characteristics identification algorithm to a case
with a single-stage load-limiting device.
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Figure 2.6: Example of applying the load-limiting characteristics identification algorithm to a case
with a dual-stage load-limiting device.
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past 40 years. The analysis focused on the adoption of these devices for the driver and front-
seat passenger positions. A year-by-year ratio was calculated to compare the number of ve-
hicles with pre-tensioning/load-limiter devices to those without, based on the vehicle tests
from the specific year. The analysis looked at the adoption of pre-tensioning devices for each
occupant position and additionally discriminated devices that pull in the shoulder- and lap-
belt sections. Changes in restraint system characteristics were also analysed, including the
force and TTF of the pre-tensioning device and the force of the load-limiter device. Further-
more, the evolution of pre-tensioning force and TTF was assessed regarding each belt section,
excluding the occupant position. The analysis also considered load-limiter devices with two
stages, examining the adoption of such devices and the correlation between the forces used
for the first and second stages of the load-limiter devices.

2.2.3 INFLUENCE OF RESTRAINT SYSTEM CHARACTERISTICS ON AIS 2+ AND
AIS 3+ REAL-WORLD INJURIES

DATA SOURCE

Data were compiled from the NASS CDS for the years 2000-2015 (NHTSA, 2024). NASS
CDS data are selected based on national-level sampling to represent the frequency of crashes
occurring within each of the states of the US NASS CDS includes police-reported crashes in
which at least one involved vehicle is towed away due to damage, and therefore, it is skewed
towards collecting more severe crashes. Then, national representativity is achieved by assign-
ing weight factors to each of the approximately 5,000 crashes collected yearly. For each of the
collected cases, the database includes information about the vehicle/s involved in the crash
(including the vehicle identification number (VIN) that can be used to obtain the maker ID,
the model ID, the body type of the vehicle, and the year of manufacturing), a crash recon-
struction, the contributing factors from the scene of the collision as well as detailed injury
data from the victims. Regarding injuries, beginning in 2010, these were coded in the NASS
CDS using both the 1998 and 2008 versions of AIS. For consistency, the analyses included
in this manuscript were performed using the AIS 1998 codes.

As for the detailed information regarding the characteristics of restraint systems, this in-
formation was included using the characteristics obtained with the methodology from the
previous subchapter, referred to as the NCAP-testing database forward. NCAP tests be-
tween 1990 and 2015 were used to aggregate the NASS CDS data. The aggregation process
used information about the vehicle and occupant position. The information about the ve-
hicle was retrieved from the VIN decoder provided by NHTSA (NHTSA VIN DECODER,
2024) using the VIN in the NCAP-testing and NASS CDS databases. Four parameters from
the vehicle were used: vehicle maker, model, body type, and year of manufacturing. Vehicles
that were not present in both databases were excluded from the analysis.

The following steps were performed to aggregate each vehicle’s restraint characteristics
into the NASS CDS database. First, the NCAP-testing database was filtered to obtain those
vehicles with the same maker ID, vehicle ID, and body type present in the NASS CDS data-
base. Second, this list of cases from the NCAP-testing database was sorted by year of manu-
facturing. Third, the year of manufacturing of the vehicle involved in the crash (NASS CDS
database) was used to obtain the restraint system characteristics. In the cases in which the
manufacturing year of the vehicle did not match the two datasets, the nearest previous test
from NCAP was used. Some cases (6 % of all possible combinations) resulted in more than
one vehicle tested with the same identifiers. In this case, it was assumed that the vehicle was
equipped with the most advanced restraint system found among the possible options (for
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example, if only one of the coincident vehicles had a pre-tensioner, it was considered that all
of them had it). Lastly, the occupant position (i.e., whether the occupant was the driver or
front-seat passenger) was also used to retrieve the restraint system characteristics.

INCLUSION CRITERIA

NASS CDS data were retrieved for belted drivers and front-seat passengers who were at least
16 years old at the time of the crash. Vehicles included in the analysis were restricted to those
built-in or after 1990. Only frontal collisions were considered (defined as those with Prin-
cipal Direction of Force (PDOF) between 11 and 1 o’clock), excluding rollover. From the
cases meeting the inclusion criteria above, several variables were chosen to be used as covari-
ables in the analysis: occupant’s sex, height, weight, and age, vehicle position of the occupant
(driver/front seat passenger), vehicle wheelbase, vehicle age, model year, longitudinal delta-
v, PDOF and whether the frontal airbags had deployed. The severity of head and thoracic
injuries was also obtained and classified as a dichotomous variable, indicating whether the
injury severity was AIS 2+ or AIS 3+ for each body region.

As for the information regarding the restraint systems, the tests included in the NCAP-
testing database were used to retrieve whether the restraint system of a specific vehicle incor-
porated a pre-tensioner (dichotomous variable) and/or load-limiting features. Force limiting
(LL) was coded as a categorical variable with three levels: no load limiter, low load-limiter
force (< 4.5 kN), and high load-limiter force (4.5 kN < LL <7 kN). The threshold to classify
the load-limiter force as low and high was calculated using the database’s SOth percentile of
the load-limiting forces.

It should be noted that the pre-tensioner and load-limiting forces were obtained using the
transducers placed at the lap and shoulder belt in a crash test. Therefore, the actual force at
the pre-tensioner and load-limiting device may differ from the values used in this study.

ANALYSES

Descriptive statistics, along with univariate and multivariate logistic regression models, were
developed to estimate the effects of independent risk factors on the likelihood of sustaining
AIS 2+ and AIS 3+ injuries in the whole body, as well as specifically in the head-face-neck
(HFN) region and the thorax (THO). The effects of independent risk factors on the likeli-
hood of a fatal outcome were also calculated. In the univariate analysis, variables that demon-
strated a significantlevel of p < 0.1 were selected as candidates for inclusion in the multivariate
models. These candidate variables were identified in the previous subsection.

After performing the multivariate regressions, the included variables were checked for mul-
ticollinearity using the Variance Inflation Factor (VIF). Only variables with a VIF < 2 were
retained in the final models, though models with variables having VIF < 1.5 were also tested.
After eliminating collinear variables, multiple models were calculated, with those showing
the lowest Akaike Information Criterion (AIC) values being selected as the best predictors
of the outcomes.

In total, seven outcomes were evaluated using multivariate logistic regression models: the
likelihood of sustaining a fatal injury, as well as the risk of AIS 2+ and AIS 3+ injuries for the
overall body, the head-face-neck region, and the thorax.
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2.3 RESULTS

2.3.1 CHARACTERISATION OF PRE-TENSIONING AND LOAD-LIMITING DEVICES
IN THE RESTRAINT SYSTEM

DATA SOURCE

The information from 1,318 analysed crash tests was downloaded from the NHTSA web-
page. The resulting number of force-time history curves examined was 5,138, obtained after
discarding those curves in which measurement errors were identified. The retained curves
corresponded to 1,300 and 1,317 force vs. time curves measured at the shoulder and lap belt
of the driver position, and 1,237 and 1,284 force vs. time curves measured at the shoulder
and lap belt of the front-seat passenger.

Out of the total 5,138 curves, 3,081 force vs time curves were manually labelled by the
mentioned group of 9 individuals to describe the pre-tensioner and load-limiting devices.
These curves were distributed evenly across the initial categories found in the data: driver
seat-belt force-time history curves (815 and 740 measured at the shoulder and lap belt, respec-
tively) and front-seat passenger seat-belt force-time history curves (805 and 721 measured at
the shoulder and lap belt, respectively). The manually labelled curves were used as the valida-
tion subset for the results predicted by the algorithms.

PRE-TENSIONER IDENTIFICATION: TIME-TO-FIRE AND FORCE

An algorithm was developed to identify three seat-belt force-time history curve characteris-
tics: whether a pre-tensioner was incorporated in the restraint system, and if that is the case,
the pre-tensioning force and TTF.

Three different sliding window widths were selected to predict the three characteristics un-
der study. Figure 2.7 shows the F1-scores and mean absolute error (MAE) used to choose the
optimal window widths. Subfigure (a) shows the threshold force and the resulting F1-score
for predicting a pre-tensioner presence as a function of the window width. The maximum
performance was obtained for a window width of 1 ms and a threshold of 0.51 kN (corre-
sponding to the maximum Fl-score). This method obtained a recall, precision, accuracy and
Fl-score of 95.0 %, 89.7 %, 95.5 % and 92.3 %, respectively. Subfigure (b) shows the MAE
obtained in the identification of the pre-tensioner (PT) force and time-to-fire (T'TF). The
minimum MAE for the PT force was obtained using 4 ms as sliding window width, which
resulted in an error of 0.17 kN. The minimum MAE for the PT TTF was obtained using
0.5 ms as sliding window width, which resulted in an MAE of 1.09 ms.

LOAD-LIMITER IDENTIFICATION: FORCE LEVEL

Figure 2.8 shows the results obtained after applying the clustering algorithm to the original
data. These clusters were obtained with 20 % of the data. The elbow method was used to
select the number of clusters and resulted in a total of seven, which are shown in Figure 2.8.

The first cluster showed curves with a sustained force over time, suggesting that load-
limiting devices with one stage were grouped in this cluster. The second and third clusters
exhibited a similar shape but did not clearly show the use or not use of a load-limiting device.
The fourth cluster showed a first peak followed by a plateau, resembling a load-limiting de-
vice with two stages. The fifth and sixth clusters showed data loss due to measurement errors,
while the seventh cluster exhibited a peak force of around 110 ms. Therefore, the analyses did
not include the force-time history curves in the last three clusters. It should be noted that
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Figure 2.7: Performance of the algorithm to characterise the pre-tensioner. a) Fl-score, in red, for
different sliding window widths and their respective force thresholds, in blue. b) MAE by
applying different sliding window widths for the identification of the PT force in blue and
PT TTF in red.
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Figure 2.8: Time-series cluster centres that were obtained by applying the k-means clustering algo-
rithm in red, and some of the force-time history curves that were identified as part of such
clusters in grey.
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the force-time history curves that were classified within the fourth cluster were identified as
potential restraint systems featuring a dual-stage load-limiting device and used to enhance the
algorithm’s prediction as described in the section 2.2.1, above.

Applying the classifying algorithm to the original data resulted in three categories: restraint
systems without load-limiting devices, those incorporating single-stage load-limiting devices,
and those incorporating dual-stage load-limiting devices. Table 2.1 shows the results of the
accuracy, Fl-score, precision, and recall obtained after comparing the predictions given by the
algorithm and the data manually identified in the validation set.

Table 2.1: Detection performance of load-limiting devices.

Load-limiting device type Accuracy  Fl-score Precision Recall

Presence of a load-limiting feature 0.891 0.898 0.941 0.859
Double-stage load-limiting feature 0.933 0.765 0.872 0.681

The algorithms used to identify and quantify the force-limiting characteristics performed
slightly worse than those used in analysing the pre-tensioning devices. It should be noted that
75 % of the miscategorised cases belonged to vehicles manufactured between 1980 and 2005.
Furthermore, 57 % of these miscategorised cases corresponded to vehicles manufactured be-
fore 1995.

The MAE of the prediction of the load-limiter force was assessed when the use of a load-
limiting device was correctly detected. If a dual-stage load-limiting device was detected, only
the first stage of the load-limiting device was used for the assessment. The MAE for this
prediction was 0.23 kN. If a dual-stage load-limiting device was detected, the MAE was cal-
culated using the force of the second stage. In this case, the MAE was 0.16 kN.

2.3.2 DESCRIPTION OF THE EVOLUTION OF PRE-TENSIONING AND
LOAD-LIMITING DEVICES OVER THE LAST 40 YEARS

Force-time history curves were analysed from vehicles over the last 40 years, which were tested
in the NCAP full-barrier crash tests. Specifically, a total of 5,138 force-time history curves
were studied from 1,355 vehicles to identify the characteristics of pre-tensioner and load-
limiting devices.
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Figure 2.9: Adoption of pre-tensioners for different vehicle locations.

Figure 2.9 shows the adoption of pre-tensioner devices for restraint systems used for the
driver and passenger. Furthermore, this analysis considered whether pre-tension was ob-
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served for the lap or shoulder belt. The red and orange lines show the adoption of these
devices in the shoulder belt for the driver and passenger, respectively.

The adoption of these devices was lower than 20 % for vehicles tested before 1995 and grad-
ually incremented afterwards. Pre-tensioners for the shoulder belt were used in more than
80 % of the vehicles tested after 2004, and this level has been maintained up to the present.
The adoption of lap-belt pre-tensioners has been slower, and began after 2002. Adoption
levels between 50 % and 80 % have been found for 2015 onwards. Similar adoption levels
have been found for these devices for the driver and front-seat passenger positions.
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Figure 2.10: Mean pre-tensioner (PP) force (subfigure a) and TTF (subfigure b) at the lap and shoulder
belt. The shadowed area shows the range between the 10t and 90t percentiles of the data
observed each year.

Figure 2.10 shows the mean forces and TTFs used in the pre-tensioner devices. Subfig-
ure (a) shows the mean pre-tensioner force at the lap and shoulder belt in vehicles from 1996
onwards. The forces used in pre-tensioner devices for the shoulder belt have maintained sim-
ilar values in the time analysed, ranging from 1.5 to 2.0 kN approximately. In contrast, forces
used in pre-tensioners for the lap belt have increased from 1.0 to 2.5 kN over the last 20 years.
Subfigure (b) shows the mean pre-tensioner TTF at the lap and shoulder belt. Similar val-
ues have been identified for these devices in the analysed period, ranging from 15 to 20 ms.
However, a small difference in the mean TTF was observed for the lap- and shoulder-belt
pre-tensioners from 2010 to 2022. Specifically, the TTF for the lap-belt pre-tensioner was
slightly later than that for the shoulder-belt pre-tensioner, with a difference of approximately
2 ms.

Figure 2.11 shows the adoption of load-limiting devices for restraint systems used for the
driver and passenger. The red and orange lines show the adoption of these devices for the
driver and passenger, respectively. The adoption of these devices was below 20 % for vehicles
tested before 1998 and gradually incremented afterwards. Load-limiting devices were present
in over 80% of tested vehicles after 2003. Similar adoption levels have been observed for driver
and passenger restraint systems.

Figure 2.12 shows the mean forces used in the load-limiting devices in vehicles from 1996
onwards. Forces used in load-limiting devices have decreased in the time analysed, starting
at 5 kN and finishing at the range between 3 and 4 kN. This trend was observed for devices
used at both driver and front-seat passenger positions. A difference in the mean force was
observed for load-limiting devices used for the driver and passenger positions after 2010. A
mean 0.6 kN higher force was observed for load-limiting devices at the driver position than
for devices at the passenger position.
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Figure 2.11: Adoption of load-limiter devices for the driver and front-seat passenger.
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Figure 2.12: Mean load-limiter force for devices used at the driver and front-seat passenger positions.
The shadowed area shows the range between the 10 and 90t percentiles of the data
observed by year.
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Figure 2.13 shows the adoption of dual-stage load-limiting devices and the relation be-
tween the forces in the first and second stages of the device. This figure shows that the adop-
tion of this variation of the load limiter started when the load-limiting devices were present
in 80 % of the vehicles tested, between 2000 and 2005. Although a similar adoption was ob-
served for both front-seat occupants, this device was identified in more cases for the driver
than for the front-seat passenger between 2010 and 2020. Figure 2.14 shows the relation
between the first and second-stage forces observed for the dual-stage load-limiter devices. A
linear regression was performed to fit the relation between the forces used in the first and
second stages of the load-limiting devices, shown in the figure, resulting in an R* equal to
0.495. A quantile regression for the 25 and 75t quantiles was also performed, which is
shown using the shadowed area. The mean width of this area was 0.66 kN.
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Figure 2.13: Adoption of dual-stage load-limiter devices for the driver and front-seat passenger.
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Figure 2.14: Relation between the first and second-stage forces observed for the dual-stage load-limiter
devices. The red line shows the result of a linear regression, and the shadowed area shows
the 25™ and 75™ quantiles.

2.3.3 INFLUENCE OF RESTRAINT SYSTEM CHARACTERISTICS ON AIS 2+ AND
AIS 3+ REAL-WORLD INJURIES

DESCRIPTIVE ANALYSIS

Table 2.2 shows the distribution of the covariables considered in the study. Categorical vari-
ables are described using the number of cases (“N”) where this variable was true and its per-
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centage regarding the whole sample. Continuous variables are described by providing their
mean and standard deviation (SD).

A total 0f 14,848 occupants (12,172 drivers and 2,676 front-seat passengers) were included.
The age distribution within the sample was 39.1 + 18.2 years-old (mean *+ SD), with 48.3 %
of the sample being male occupants. The mean age of the vehicles involved was 5.1 years-old,
although the standard deviation was 3.6 years old.

Among these occupants, a lap-belt pre-tensioning device was present in 700 cases (4.7 %),
and a shoulder-belt pre-tensioning device was included in 5703 cases (38.4 %). The mean
value of the pre-tensioner force was similar regardless of the location of the pre-tensioner (1.8
1 0.6 kN and 1.6 £ 0.5 kN, at the lap belt and shoulder belt, respectively). Two groups were
created to analyse the effect of load-limiting devices on the injury outcomes: a group in which
the load-limiting force was equal to or smaller than 4.5 kN (LL_low) and a second group
in which the load-limiting force was greater than 4.5 kN but lower than 7 kN (LL_high).
Cases which included other load-limiting forces were discarded. A total of 7,020 cases were
observed where the occupant used a restraint system with a load-limiting device, in which
3,343 and 3,677 cases had alow and high load-limiting force, respectively. The frontal airbag
was deployed in approximately 66.1 % of the cases included.

As for the injuries, only 1.2 % of the occupants considered in the database had a fatal out-
come. Almost17.4 % of the occupants sustained at least an AIS 2+ injury, and 8.1 % sustained
atleast an AIS 3+ injury considering the whole body. As for thoracic and head injuries, 5.2 %
of occupants sustained AIS 2+ injuries in the head and in the thoracic regions, and 3.3 % and
2.0 % sustained AIS 3+ injuries in the thorax and head, respectively.

MULTIVARIATE REGRESSION ANALYSIS

The covariables that were finally retained in the model to estimate the likelihood of fatal,
AIS 2+ and AIS 3+ injuries are shown in Table 2.3.

Fatal injury

While the deployment of the airbag alone did not show a significant effect in preventing
fatal injuries in a crash, its interaction with delta-v was found to be a significant factor in re-
ducing fatality risk. For each additional km/h, there was a reduction of 2 % in the probability
of being killed in the collision. Increasing age, weight, and delta-v were also significant pre-
dictors of an increased risk of death. Being involved in an oblique collision (11 o’clock) was
also significantly related to increased risk. The presence of a load-limiting device in the re-
straint system was found to be significant. While both lower and higher force load-limiting
devices were associated with a reduction in fatal injury risk by almost 70 % and 60 %, respec-
tively, the interaction between delta-v and a higher force load-limiting device diminished its
effectiveness at higher delta-v values for this specific configuration.

Whole body

The airbag deployment was found to increase the risk of sustaining AIS 2+ and AIS 3+
injuries overall, but this effect needs to be understood with caution as the variable showing
the interaction between the airbag and the delta-v was also significant. This interaction points
towards a protective effect of the airbag, especially relevant at higher delta-v’s. Increasing
age, weight, and delta-v were also significantly related to the likelihood of injury. Impact
directions that added a slightly lateral direction to the PDOF resulted in increased risk for the
occupant for the two injury levels considered. Women were exposed to a greater risk of injury
than men for the conditions considered in this study.
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When the variables related to the pre-tensioning and load-limiting devices were included
in the regression model, the model year of the vehicle was not significant anymore and, there-
fore, was dropped from the regression model. With respect to restraint systems with load-
limiting devices, the inclusion of a load-limiting device resulted in a decreased risk of AIS 2+
and AIS 3+ injuries, but the effect was only observed when interacting with the delta-v. When
the load-limiting device was in the low force category, the restraint system contributed to pre-
venting AIS 3+ injuries, although the significance of the variable was marginal (p < 0.1). The
model also found that older vehicles were more likely to resultin occupants sustaining AIS 2+
and AIS 3+ injuries.

Thoracic region

As for the thoracic region, the airbag deployment was also significantly related to an in-
creased risk of AIS 2+ and AIS 3+ injuries, but there was an interaction between this variable
and the delta-v that changed this effect for delta-v above 32.5 km/h and 34.3 km/h for AIS 2+
and AIS 3+ injuries respectively. The effect of age, weight, and delta-v was similar to the one
found when the whole body was considered. As also found for the whole-body area, im-
pact directions different from the pure frontal direction contributed to an increased risk of
thoracic injuries. It should be noted that the 11 o’clock direction, which would be a small
overlap or a nearside oblique impact for the driver, resulted consistently in a higher risk of
injury than a pure frontal or a far-side oblique impact for the driver. When the focus was on
thoracic injuries, being a female occupant was associated with a higher risk of AIS 2+ and
AIS 3+ injuries but only with marginal significance (p < 0.1). The driver position resulted in
a significantly lower risk of injury to the thoracic area.

No other significant effects, including the presence of pre-tensioning and/or load-limiting
devices in the restraint systems, were found significant in the analysis of the risk factors con-
tributing to thoracic injuries.

Head-face-neck region

Regarding the head-face-neck body region, the airbag deployment was also significantly
correlated to the existence of AIS 2+ and AIS 3+ injuries, but again, the significantinteraction
term between airbag deployment and delta-v would revert this relationship above a certain
delta-v. Age and delta-v were again significantly related to increasing the likelihood of injuries
alsoin the HFN area. As for the direction of force, it was found consistently that the 11 o’clock
impact direction was significantly related to the occurrence of head injuries. In the case of
HFN, the analysis did not find any significant difference in the injury likelihood between
men and women.
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2.3 Results

Table 2.2: Distribution of the variables analyzed for the augmented NASS CDS database.

NASS CDS
14,848 cases
N % Mean  SD
Crash delta-v km/h - - 23.3 12.9
PDOF 11 3,131 211 - -
12 8,790 592 - -
1 2,927 197 - -
Vehicle Curb weight kg - - 1,573.0 365.4
Wheelbase kg - - 279.7 274
Model year - - - 2001 5.4
Vehicle age years - - 5.1 3.6
Restraints ~ Frontal airbag deployed 9,811 661 - -
Pre-tensioners:
Lap belt present 700 47 - -
Shoulder belt present 5,703 384 - -
Lap belt TTF ms - - 16.3 4.3
Shoulder belt TTF  ms - - 16.2 3.4
Lap belt force kN - - 1.8 0.6
Shoulder belt force kN - - 1.6 0.5
Load limiter:
Present yes 7,020 473 - -
Low force yes 3,343 225 - -
High force yes 3,677 248 - -
Occupant  Age years - - 39.1 18.2
Height cm - - 170.6 10.6
BMI kg/m? - - 265 65
Sex male 7174 483 - -
Driver yes 12,172 82.0 - -
Injuries Faltal 174 1.2 - -
Head AIS 2+ 779 52 - -
AIS3+ 294 2.0 - -
Thorax AIS 2+ 767 52 - -
AIS3+ 491 3.3 - -
Overall AIS2+ 2588 17.4 - -

AIS 3+ 1,204 8.1 - -
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Table 2.3: Odds ratio (OR) and significance (p) of the independent variables included in the multivariate models to estimate the likelihood of AIS2+ and AIS3+ injuries.

Fatal ‘Whole body Thoracic Head-face-neck
injuries injuries injuries injuries
AIS2+ AIS3+ AIS2+ AIS3+ AIS2+ AIS3+
Variable Reference OR p OR p OR p OR p OR p OR p OR p
Crash
delta-v - 1.09 ** 11 X 1.11 e 1.11 o 1.11 e 1.08 e 1.09 X
PDOF 12 o’clock
1 o’clock - - 1.28 x 1.28 ** 1.51 x 1.5 ** 1.22 # 1.4 #
11 o’clock 2.04 *** 1.35 e 1.53 e 1.69 o 1.88 e 1.5 o 1.93 X
Vehicle
Weight - - - - - - - - - - - - - - -
Wheelbase - - - - - - - - - - - - - - -
Model year - - - - - - - - - - - - - - -
Age - - 103 - - - - - - - - - -
Occupant
Age - 1.04 *** 1.02 rx 1.03 xx 1.05 x 1.04 X 1.01 xx 1.03 x
Height - - - - - - - - - - - - - - -
g&mvﬁ - .02 ** 1.01 e 1.01 o 1.00 * 1.01 *x - - - -
Sex female - - 0.62 o 0.75 xx 0.85 # 0.82 # - - - -
Driver passenger - - - - 0.79 * 0.77 * 0.71 > - - - -
Restraint
Airbag depl. notdeployed - - 2.95 rx 3.71 xx 2.74 xx 3.11 X 2.11 xx 2.10 *
Pre-tensioners
Lap belt not present - - - - - - - - - - - - - -
Shoulder belt not present - - - - - - - - - - - - - -
Load limiter (LL)
Low force notpresent 031 * - - 070  # - - - - - - - -
High force not present 0.42 * - - - - - - - - - - - -
Combined
delta-v * Airbag notdeployed 0.98 * 0.98 X 0.97 e 0.97 o 0.97 R 0.97 o 0.97 e
delta-v*LL
Low force not present - - 0.99 ** - - - - - - - - - -
High force notpresent 102 * 0.98 * - - - - - - - - - -

* p<0.01; ** 0.01<p<0.05; * 0.05<p<0.1; A p>0.1
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2.4 Discussion

2.4 DiscussioN

2.4.1 CHARACTERISATION OF PRE-TENSIONING AND LOAD-LIMITING DEVICES
IN THE RESTRAINT SYSTEM

An algorithm was developed to analyse the force-time history curves measured in the seat-belt
to obtain the restraint system characteristics used in the analysed vehicle. The algorithms were
trained by comparing their predictions with a subset of 3,081 curves from which the values
of the peak force and TTF of the pre-tensioner and the stage/s of load limiting had been
previously identified by a group of nine people specifically trained to identify these features.
To increase the robustness of the method, the authors of the study confirmed the results from
the inspection of the curves. Some particular curves that were more difficult to assess were
analysed with the help of a restraint system specialist.

The performance of the algorithm used to identify the presence of a pre-tensioning device
on the restraint system was high according to the criteria of recall, precision, accuracy and
Fl-score (95.0 %, 89.7 %, 95.5 % and 92.3 %, respectively) used to assess the quality of the
predictions. The mean value of the pre-tensioner peak force identified by the algorithm was
within 10 % of the mean force identified by the trained people who assessed the validation
subset. The prediction of the presence of a load-limiting device was more challenging, espe-
cially in restraint systems incorporating a dual-stage load-limiting device with a lower F1-score
of 0.765.

The restraint system characteristics obtained from the analysis of the NCAP-testing data-
base matched the information available in the published literature. Mercedes-Benz intro-
duced pre-tensioners in cars in 1983 (Mitzkus et al., 1984), as it has also been identified in our
analysis. Renault started to install restraint systems with load-limiting devices in 1995. Ex-
perts in the field consider load-limiting devices as the most important improvement of the
three-point seat belt (Hiland, 2006). It is interesting to observe that the adoption rate of load
limiters has been much faster than in the case of pre-tensioners.

Another relevant consideration is how the peak force of lap-belt pre-tensioners has been
increasing steadily over the last few years while the shoulder-belt pre-tensioner peak force has
remained at about the same value since its introduction. The data also show that introduc-
ing pre-tensioners in the front seat follows the same trend for the driver and the passenger
positions.

It is interesting to realise that the pre-tensioner introduction rate started to increase in
the late 1990s, reaching a wide adoption in the mid-2000s. Despite the later development
of load limiters compared to pre-tensioners, they were broadly adopted at about the same
time. This increasing adoption rate could be linked to three events in the late 1990s. First,
NHTSA changed from reporting test results in a technical (numerical) format to an easy-to-
understand five-star rating system (1994) and began the crash test program for side impacts in
NCAP (1997) (Hershman, 2001). Secondly, the Insurance Institute for Highway Safety (IIHS)
began evaluating frontal crash tests in 1995. Lastly, Euro NCAP released its first results in
1997. Therefore, the desire of car manufacturers to improve the safety ratings of their vehicles

could be linked to the following:

* Including more conditions in which the vehicles were tested could push for restraint
systems with good performance across different crash scenarios.

* The beginning of consumer rating programs to induce improvements in vehicle safety
(Samaha et al., 2011).

33



2 Characterisation of restraint systems and assessment of their influence on occupant injury
risk in real-world crashes

* Introducing a consumer-friendly presentation of the results could allow the consumer
to compare the safety performance of different vehicles quickly and easily.

Regarding restraint system characteristics, load-limiting forces for drivers and front-seat
passengers ranged between 3.5 and 6 kN, with small differences (<0.5 kN) in the mean values
during this period. However, after 2010, a notable divergence occurred as the mean load-
limiting force for front-seat passengers decreased from 4 kN to 3 kN. This trend may be as-
sociated with changes in crash test protocols, specifically the adoption of the Hybrid III sth
percentile female dummy as a surrogate for front-seat passengers in 2010.

2.4.2 INFLUENCE OF RESTRAINT SYSTEM CHARACTERISTICS ON AIS 2+ AND
AIS 3+ REAL-WORLD INJURIES

As shown, the fitment of advanced restraint systems into the American fleet started to grow
linearly from <10 % of the vehicles incorporating these features in 1996 to around 80 % of the
fleet, including pre-tensioners and load limiters (Kent et al., 2007). This growth paralleled the
increase in front-end stiffness of passenger cars during the same period, as reported in a review
of NCAP tests (Swanson et al., 2003). Since then, the amount of specialised literature show-
ing the benefits of these advanced restraint features in laboratory settings and computational
studies has been substantial (Forman et al., 2009; 2008; Kent et al., 2001; 2007; Michaelson et al.,
2008; Walz, 2004). Some early field studies found that force limiters could have been effective
in the prevention of severe thoracic trauma in some selected real-world crashes (Foret-Bruno
etal,, 1978). But, to our knowledge, this is the first study using multivariate regression models
and including a large sample of real-world cases that assesses the effect of incorporating re-
straint systems with pre-tensioning and load-limiting devices in the likelihood of injuries in
the field. When the analysis is focused solely on fatal injuries, the inclusion of a load-limiting
device in the restraint system, regardless of its specific force level, has been shown to signifi-
cantly reduce the risk of death. This finding aligns with the results reported by Kahane (2013a),
2015 based on data from the Fatality Analysis Reporting System (FARS).

In this context, it is important to note that the two variables indicating the presence of
pre-tensioning devices, either at the shoulder or lap belt sections, were not significant in pre-
dicting the likelihood of injuries across most logistic regression models, particularly when
focusing on specific body regions. This is probably related to the strong association between
the presence of pre-tensioning and load-limiting devices in modern vehicles. Despite this,
we consistently retained the variable related to the load-limiting feature of the restraint sys-
tem in the models, even when its Variance Inflation Factor (VIF) exceeded 1.5 (though it was
always below 2). This decision was made because the load-limiting characteristic was con-
sidered especially crucial for understanding the impact of advanced restraints on occupants
in real-world scenarios. However, this may introduce confounding effects, as the inclusion
of a load-limiting device could reflect not only its specific impact but also incorporate the
influence of other vehicle advancements, such as improvements in structural integrity.

It was observed that devices with both lower and higher load-limiting forces were associated
with a reduced risk of fatal outcomes, and AIS 3+ injuries in the whole body at high delta-
v’s. Itis also worth noting that advanced restraint systems are likely optimised for the delta-v
conditions used in NCAP tests (35 mph), whereas the average delta-v in the NASS CDS
sample analysed in this study was considerably lower (23.3 £12.9km/h). Consequently, it is
plausible that the impact of advanced restraint systems might be more pronounced in high-
speed collisions.
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2.4 Discussion

The analysis performed here was limited only to frontal impacts, defined as those in which
the PDOF ranged between 11 o’clock and 1 o’clock. The results suggest that even if the oblique
directionality of the cases included here was minimal, this factor was always significantly as-
sociated with an increased risk of AIS 2+ and AIS 3+ injuries globally and also when focusing
exclusively on the THO and HFN areas. These results agree with those presented by Meyer
et al. (2015), although the authors of this study analysed only a convenience sample of real-
world crashes in which the additional belt spool-out could have been associated with impacts
of the occupants against the interior of the vehicles. Again, even though previous studies in
the laboratory had shown that pre-tensioners could also be effective in improving how an
occupant is restrained in oblique impacts (Lopez-Valdés et al., 2016; Piqueras et al., 2022), this
outcome was not found in the current work.

Several recent studies have found that newer vehicles were associated with a reduced risk
of injury (Forman et al., 2019; Klinich et al., 2016; Ryb et al., 2011; Thomas, 2013). Forman et al.
(2019) found that newer model vehicles (2009 and later) carried less risk of AIS 2+ and AIS 3+
injuries than older model vehicles. This finding was particularly significant for the lower ex-
tremity region and the skull fracture risk. However, their analysis did not find significant
reductions in the change of AIS 3+ rib fractures despite all the technological advances imple-
mented in the restraint systems of newer vehicles. These findings are interestingly related to
the results presented here. In particular, our study did not find the significance of the vehi-
cle model year when the variables related to the presence of pre-tensioning and load-limiting
devices were included in the models.

Kentetal. (2007) showed a clear correlation between advanced restraint systems and newer
vehicles in the NASS CDS sample. In fact, model year was one of the variables that produced
ahigh VIF score in the collinearity checks performed to develop the multivariate models. Sec-
ond, it results intriguing that the lack of significance of the reduction of AIS 3+ rib fractures
found in Forman et al. (2019) is somehow paralleled here by finding a marginally significant
relationship (p < 0.1) between AIS 3+ thoracic injuries and the presence of load-limiting and
pre-tensioning devices. Itis true that the effect of age on the risk of thoracic injuries was found
to be the largest in the thorax. Therefore, it could be that the negative effect of age might still
outperform the benefit of using advanced restraint systems. In any case, the question about
why, if these advanced restraint systems have been proven to be so eftective in the laboratory
setting, their presence is not a significant factor when real-world data are analysed still needs
to be fully answered.

Forman etal. (2019) also pointed out that females continued to be at greater risk than males
of AIS 2+ and AIS 3+ for most of the injury types considered in their study, as it had already
been found by Bose et al. (2011). The latter found that the odds of a belt-restrained female
driver sustaining AIS 3+ injuries were 47 % larger than those of a male driver in compara-
ble crash circumstances. Our study showed similar effects when controlling for age, height,
weight, and the amount of load-limiting characteristics that are applied to the occupant, but
only when the whole body and thorax were considered. This significance was not observed
when the analysis focused on the HFN area. This result suggests that there might be benefits
of including pre-tensioning and load-limiting devices in the restraint system for other body
regions different from the ones analysed in this study.

The regression model included interaction terms between delta-v and airbag deployment
to isolate the specific impact of airbag deployment on injury risk, acknowledging that this
effect may vary across different delta-v levels. The inclusion of this interaction term proved
statistically significant, highlighting that the airbag’s protective effect reached a net protective
effect when the crash delta-v exceeded a certain threshold. This threshold, calculated at ap-
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proximately 31 km/h, marks the point where the airbag’s role shifts from potentially increas-
ing the risk of thoracic injuries to offering a protective effect. Figure 2.15 shows the relation
of the distribution of airbag deployment with delta-v, suggesting the need to check for the
interaction between these two variables.

These findings align with Segui-Gomez (2000), which investigated the effect of airbags on
driver injuries at different severities. In their study, Segui-Gomez (2000) identified that airbag
deployment began to exert a net protective effect at delta-vs exceeding 32.8 km/h for MAIS 3+
injuries across all drivers. In particular, they observed variation in this threshold by sex, with
the protective effect initiating at different delta-vs for men (12.9 km/h) and women (52.0
km/h). However, the study shown in this chapter did not incorporate an interaction term
involving airbag deployment, delta-v, and sex, leaving room for further exploration into how
these variables might jointly influence injury outcomes.
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Figure 2.15: Box plot showing the distribution of the 10%-90%ile delta-v values as a function of airbag
deployment

2.5 LIMITATIONS

The study has some limitations, such as the description of complex systems and the limited
datasetsize. The main limitation of this study is that the seat-belt characteristics are described
using only the force-time history curves of the seat-belt forces, without considering other
relevant variables that can affect these curves, such as slack and seat belt geometry, among
others. This limitation applies to the validation subset, which was manually inspected, and
the algorithm’s outcome.

The identified characteristics of the pre-tensioning and load-limiting devices will present
some differences from the actual configuration of these devices used in the vehicles. Although
the guidelines provided for the manual inspection of the curves (included in the Appendix B)
aimed to restrict the impact of this limitation, the actual configuration of the restraint sys-
tem will show differences from the values presented in this study, as shown in the example
case at the appendix. Factors such as the delay to fire the pre-tensioner device (i.e., the difter-
ence between the firing command and the actual firing of the device), belt slack, belt geome-
try, transducer position, and interactions with the airbag and seat affect the measurement of
the tension force at the seat-belt. The influence of these factors cannot be quantified using
the applied methodology, and therefore, they were ignored when identifying restraint system
characteristics. Furthermore, this study focused on identifying if a pre-tensioning device was
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present and in which sections of the belt it has influence, but the actual location of the pre-
tensioning device in the lap belt could not be identified (i.e., retractor, buckle anchor point,
or end-bracket anchor point).

Regarding the multivariate analysis, it should be noted that the effect of the NASS CDS
weighting factors was not taken into account. However, by limiting the sample size to the raw
datain NASS CDS, we were able to obtain a large enough sample to achieve statistical power
and detect the significance of several independent variables. While using weighting factors
could have expanded the results to a larger sample, the car model is not included in the calcu-
lation of these weighting factors. Therefore, augmenting the data in the NASS CDS database
to include the load-limiters and pre-tensioner information obtained from the NCAP tests
would have been questionable. The exclusion of weighting factors from the regression also
influenced the generalizability of the results. Specifically, the effects of different variables on
injuries are only valid within the analysed sample and cannot be extrapolated to the broader
population. It’s important to note that our study may be missing cases with minor injury
severity. Thus, the effects presented here are likely a conservative estimation of the real-world
effect of advanced restraint systems.

It is also relevant to note that the WinSmash algorithm used to calculate the delta-v in
NASS CDS was updated in 2008 and later. The effects of this update were not uniform but
resulted in an average increase of 8 % in the estimated delta-v. As indicated by Forman et al.
(2019), in a multivariate analysis, the influence of this change would not have been relevant
for the estimations of the effect of the other variables in the model.

In the case of restraint systems characteristics, the use of occupant classification systems
(OCS), which affect the response of the restraint systems depending on the size of the oc-
cupants, was not considered in this study. Furthermore, the characteristics of the restraint
system were identified from NCAP tests performed with a unique dummy size in each occu-
pant position at a specific velocity. This can limit the applicability of such characteristics to
other crash configurations and occupant anthropometries.

In the case of restraint systems with two-stage load-limiting devices, only the first stage
was used in the multivariate analysis. This constraint was accepted to avoid having only a few
cases in some of the load-limiting categories and as a sensible approach to combine single and
dual-stage seat belts into one category. It should be noted that only 4 % of the analysed cases
were found to have two-stage load limiters.

An interaction term between airbag deployment and delta-v was included to isolate the
effects of these variables on injury risk. However, this term does not account for cases where
the airbag fails to deploy due to low crash severity or an atypical crash pulse. In these instances,
the absence of airbag inflation can introduce confounding effects.

2.6 PUBLIC REPOSITORY OF IDENTIFIED RESTRAINT SYSTEM
CHARACTERISTICS

The restraint system characteristics identified in this study were updated to a public reposi-
tory for easy and free access by the research community, which can be accessed through the
following link (Seatbelt-characteristics-repo).
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3 EVALUATING THE EFFECTIVENESS OF
DETERMINISTIC AND PROBABILISTIC
APPROACHES FOR PREDICTING INJURY
OUTCOMES USING MULTIBODY MODELS
IN REAL-WORLD CONDITIONS

This chapter explores the application of computer models, specifically multibody modelling,
to predict injury outcomes under real-world conditions. To achieve this, the model’s predic-
tions were compared to actual injuries and injury patterns documented in real-world crashes.
A multibody human body model (MB HBM), integrated with a vehicle interior, was em-
ployed to calculate the likelihood of sustaining injuries based on selected injury criteria under
various impact conditions derived from real-world crash data. Additionally, a metamodel was
developed to predict the likelihood of serious injuries using the computer model, which was
used as a surrogate model for the computer model. Injury outcomes from real-world data,
presented in Chapter 2, were compared to the estimates derived from both deterministic and
probabilistic approaches. This benchmarking process evaluated the number of predicted in-
jured occupants, the injury patterns sustained, and the conditions under which these injuries
were observed.

3.1 INTRODUCTION

The analysis of restraint system impacts using real-world crash samples can present several
limitations. As discussed in the previous chapter, the effects of restraint systems may be sta-
tistically insignificant within the studied sample, making it difficult to draw definitive con-
clusions. This chapter addresses these challenges by developing a method to evaluate the in-
fluence of restraint system characteristics on injury outcomes using computer models, specif-

ically multibody (MB) models.

The method was designed to estimate the impact of restraint systems on injury outcomes
under real-world conditions. To ensure the method’s accuracy, injury outcomes predicted by
the method were estimated using the deterministic and probabilistic approaches, and these
outcomes were benchmarked against the injury data presented in Chapter 2.

Since it is challenging to precisely anticipate the number of crash configurations required
for such a benchmark, a metamodeling approach was employed. This approach creates a sur-
rogate model that approximates the behaviour of the computer model, allowing for efhicient
and accurate predictions across a wide range of crash scenarios. Various regression methods
were tested to identify the best metamodel capable of accurately representing the computer
model predictions.
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3 Evaluating the effectiveness of deterministic and probabilistic approaches for predicting
injury outcomes using multibody models in real-world conditions

3.2 METHODS

Figure 3.1 shows a brief summary of the methodologies applied in this chapter to benchmark
both deterministic and probabilistic approaches in estimating injury outcomes under real-
world conditions using an MB model.
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Figure 3.1: Overview of the method used to predict injury outcomes using the MB model.

3.2.1 REAL-WORLD DATA

Passenger vehicle crashes obtained in Chapter 2 were used in this study. These cases were
extracted from the National Automotive Sampling System Crashworthiness Data System
(NASS CDS) from 2000 to 2015. Furthermore, this dataset was augmented with charac-
teristics of the restraint system used in the vehicle as explained in Subchapter 2.2.3.

The inclusion criteria used for this study were: belted drivers who were at least 16 years old
at the time of the crash. Vehicles included in the analysis were restricted to those built-in or
after 1990. Only frontal collisions were considered (defined as those with Principal Direction
of Force (PDOF) between 11 and 1 o’clock), excluding rollover. The delta-vs observed were
filtered to retain cases between 15 and 85 km/h. Additionally, only cases with intrusion below
3 cm in the instrument panel and floor were considered in this study. Although this criterion
excluded 13 % of the dataset, two extra variables are excluded from the simulations, therefore
decreasing the sample size necessary for the study.

AIS code from 1998 (AAAM, 1998) was used to describe the injuries sustained by the oc-
cupants in the following body regions: Head-Face-Neck (HFN), Thorax (THO), and Knee-
Thigh-Hip (KTH).

3.2.2 COMPUTATIONAL MODEL

A multibody (MB) human body model (HBM) was used to predict the risk of an occupant
sustaining an injury using Simcenter Madymo ™ (Helmond, The Netherlands). The HBM
was positioned as a driver in the front row of a vehicle interior model, as shown in Figure 3.2.
This HBM was the active Madymo human model v3.2 (Meijer et al., 2013; Simcenter Madymo,
2020), which represents a 50t percentile male occupant. The kinematic and kinetic valida-
tion of the HBM can be observed in Simcenter Madymo (2021), which includes both frontal
and lateral blunt impact tests as well as sled tests. While plots of the signals used for com-
paring the model’s predictions are presented in the document, the report does not provide a
quantitative measurement of the correlation. The vehicle interior model was modelled based
on a 2010 edition of the Toyota Yaris sedan model. Both models were available in Simcen-
ter Madymo ™ v2020.1. A retractor and end-bracket pre-tensioner were enabled or disabled
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3.2 Methods

based on the reference data. According to the reference data, either one or two-stage load-
limiting seat belts were used in the computer model. Lastly, the crash acceleration pulse was
calculated using the formula developed by Iracus et al. (2015) and then applied to the vehicle
model. The acceleration pulse was defined using the mean acceleration pulse, the first three
eigenvectors, and the pulse duration. Delta-v, vehicle weight, and crash opponent (front-to-
front, front-to-side, front-to-back, narrow object, and wide object) were used to calculate
the first three eigenvectors and the pulse duration. The delta-v reported using Winsmash was
scaled up with the same method used in Iracus et al. (2016) to define the acceleration pulse. A
null standard deviation was assumed when calculating the eigenvalues and pulse duration.

Figure 3.2: MB model used to represent real-world crashes.

Variables from the reference data were categorized into three groups: crash variables, re-
straint system variables, and occupant variables. Crash variables were used to calculate the
acceleration pulse applied to the vehicle, restraint system variables modified the restraint sys-
tem configuration, and occupant variables were not used in the simulation as the MB HBM
only represents a 50t percentile male. Crash variables included delta-v (DVTOTAL), princi-
pal direction of force (PDOF, calculated using DVLONG and DVLAT), vehicle weight, and
crash opponent. Restraint system variables included the deployment of the airbag, the force
of the load limiter if it was included, the force of the second stage of the load limiter if it was
included, the inclusion of a pre-tensioner in the end-bracket and the activation time of the
airbag and pre-tensioners. Occupant variables included age, sex, height, and weight. Figures
showing the distribution of these variables can be found in Appendix C.

Table 3.1 and Table 3.2 show the list of the continuous and categorical variables used as
inputin the simulations. Some continuous variables in the original dataset were transformed
into categorical ones, such as the force of the second stage of the load limiter and the activation
time of the airbag and pre-tensioners. The activation time was not available in the reference
data from Chapter 2, and therefore, it was based on the distribution used in Iracus et al. (2016).
The force of the second stage of the load limiter was described in relation to the force in the
first stage and categorized into 0.8, 1.3, 1.8, and 2.3 kN less than the first stage.

The occupants in the reference data had an age range from 16 to 97 years, with the median
age being 36 years. The heights of the occupants ranged from 155 cm (5%
188 cm (95t percentile), with the median height being 170 cm. The weights of the occupants
ranged from 52 kg (st percentile) to 113 kg (95t percentile), with the median weight being

76 kg.

percentile) to
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Table 3.1: List of continuous parameters used to assemble the computer model and their distribution
in the reference data.

Continuous Parameters Reference data distribution
st ostile 50 9etile 95 9etile
Impact velocity 16km/h  26km/h  S1km/h
Impact angle -32° 0.0° 43°
Vehicle weight 1080 kg 1480 kg 2240 kg

Load limiter (single stage)  3.13kN ~ 4.52kN  6.01kN
Load-limiter first stage 3.38kN  S5.03kN 6.10 kKN
Load-limiter second stage  2.34kN  3.65kN  4.41kN

COMPUTER MODEL CONFIGURATIONS AND SAMPLING METHOD

Difterent computational model configurations were generated by sampling the reference data
distribution using the Sobol sequence (Bratley et al., 1988). This method was chosen for its
ability to sequentially sample the distributions of the reference data, applying a quasi-random
approach. Each configuration of the computational model involved using a point from the
sequence within the range of [0, 1), along with the inverse cumulative distribution of the
input variable from the reference data.

While most of the input parameters were sampled independently, the correlation between
delta-v-to-PDOF and delta-v-to-airbag deployment was studied. Figure 3.3 shows a box plot
of the distribution of PDOF using 10 km/h bins, where the range of PDOF values observed
in the reference data decreased as the delta-v increased. Thus, the interaction between the
delta-v and PDOF was modelled when sampling the distribution using Equation 3.1, where
HvToTAL) was the mean PDOF observed by a given delta-v, o(pyrorar) was the standard
deviation of the PDOF observed for a given delta-v, and ®~!(p) was an inverse normal cu-
mulative function that apply a p value given by the quasi-random generator. Both the mean
and standard deviation of the observed PDOF values were calculated within each 10 km/h
bin. The results of applying this interaction in the generation of impact configurations can
be observed in Figure 3.4. In this figure, a kernel density estimate (KDE) plot was used to
show the distribution of the mentioned variables; the reference data was represented in blue,
and the generated data was filled in red.

The correlation between the occupant sustaining an injury and the deployment of the
airbag at high delta-vs was significant in the previous chapter. Thus, the correlation between
the deployment of the airbag and the delta-v was taken into account when sampling the
distributions. A similar approach as the one used with the delta-v and PDOF was also ap-
plied to model this interaction. Bins of 10 km/h were used to obtain the ratio of the airbag
deployed/not deployed and later used to generate the configuration of the computational
model. Figure C.6 shows the distribution of the airbags being deployed at different veloci-
ties.

PDOF = ppvrorary + cwvroran - ' (p),  pe(©0,1) (3.1)
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Figure 3.3: Box plot of the PDOF distribution using 10 km/h bins.
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Figure 3.4: Distribution of longitudinal and lateral delta-vs for reference data, in blue, and generated
data, in filled red. Distributions were obtained using a kernel density estimate (KDE) plot.
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Table 3.2: List of categorical parameters used to assemble the computer model and their distribution
in the reference data.

Categorical Parameters Reference data distribution

Crash opponent Front-to-front 32.2%
Front-to-side 37.2%
Front-to-back 20.6 %
Narrow object 5.5%
Wide object 4.5%

Airbag deployment Deployed 68.1%
Not deployed 31.9%

LL included Not included 51.7 %
Single stage 43.6 %
Double stage 4.6 %

LL second stage force 0.5 to 1.0 kN less than first stage  11.1%*®

1.0 to 1.5 kN less than first stage  51.3%*?
1.5 t0 2.0 kN less than first stage  29.5%*
2.0 to 2.5 kN less than first stage  8.1%*?

Pre-tensioner included Notincluded 50.9%
Retractor 43.9%
Retractor and end-bracket 5.2%

Activation time of restraint system 10 ms 30.2 %P
18 ms 30.8%"
28 ms 192%P
40 ms 19.8%°

* Relative to cases with a double-stage load-limiting device.
b Relative to cases with a pre-tensioner or airbag fired.

INJURY CRITERIA

The injury criteria were developed to calculate the risk of sustaining injuries of a certain sever-
ity based on physical measurements, such as acceleration, force, or strain, using an injury risk
function. This study focused on injuries sustained in the Head-Face-Neck (HEN), Thorax
(THO), and Knee-Thigh-Hip (KTH). From each region, some injury criteria were selected
to predict the injuries in such regions. The region and the injury criteria selected are shown
in Table 3.3. From the reference data, relevant injuries related to the selected injury criteria
were identified using the AIS code (AAAM, 1998). Body region, type of anatomic structure
and specific anatomic structure or nature were used to perform the identification process.
Two injury criteria were used to predict the risk of head injuries. Skeletal injuries were
linked to the HIC5 criteria (Eppinger et al., 1999; Hertz, 1993; Versace, 1971). Injuries in the
soft tissue of the head, considering injuries in the internal organs and unconsciousness, were
linked to the BrIC criterion (Takhounts et al., 2013). Neck injuries were linked to the Nij crite-
rion (Prasad et al., 1984), taking into account injuries in the neck and cervical spine. Similarly,
injuries in the thorax were linked to the maximum compression of the chest (Neathery et al.,
1975), considering thoracic and thoracic spine injuries. Femur skeletal injuries were consid-
ered for injuries in the KTH body region, which was linked to the maximum compression
force in the femur (Kuppa et al., 2001). Only femur injuries were taken into consideration in
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Table 3.3: List of body region and injury criteria used for injury prediction.

Numerical Injury

Body region Body structure Injury criteria Identifier®
Head Skeletal HIC5 1-5-04
Internal organs BiIC 1-4-any
Unconsciousness 1-6-any
Neck Neck. ' N;: 3-any-any
Cervical spine 6-any-02
Thorax Max. chest 4-any-any
Thorax Thoracic spine deflection 6-any-04
Thigh (femur) ~ Skeletal Max. femur 8-5-18

compression force

* Desribed as REGION90-STRUCTURE-STRUSPEC.

this body region, as the injury risk function developed by Kuppa et al. (2001) is widely accepted

for predicting distal femur injuries (Yoganandan et al., 2014). A binary variable was created to

describe if the occupant sustained an AIS 3+ injury in these body regions. Furthermore, the
maximum AIS (MAIS) for each body region was calculated and categorized as MAIS 3+ and
MAIS 0-2. Table 3.4 shows the different injury risk functions used to predict the injury risk
of sustaining an AIS 3+ injury using the MB HBM.

Table 3.4: List of injury risk functions used with the MB HBM.

B
0('iy Injury criteria  Injury risk function Reference
region
In(HICy5) —
Pars 3+(HIC5) = (D(f)
HEN  HICIS where ® = cumulative normal distribution Eppinger etal. (1999)
u=7.45231 and o = 0.73998
(Brl C )284
BrIC Pars 3+(BrIC) = 1 — exp 10.987 Takhounts et al. (2013)
1
Ni; Pars 3+(N;j) = . exp3-2269—1~9688ij Eppinger et al. (1999)
Max. Chest | Hu et al. (2015)
. _ uetal.
THO afgf]cnon Pars 34+(D) = 7= xp105456- 568D/ 1504 Lajcuri ceal. (2005)

Max. Femur
KTH  Compression
Force [kN]

1
Pars 34(Fc) = 1 + exp*9795-0326Fc

Kuppa et al. (2001)

3.2.3 DEVELOPMENT OF THE METAMODEL

The outcome of the simulations performed with the computer model mentioned above was

used to develop a metamodel for each injury criterion listed in Table 3.3. This process was
similar to the one described by Perez-Rapelactal. (2020). Itinitially involved two sets of 50 sim-
ulations: the first was used to train an initial metamodel (training sample), and the second was
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used to assess the prediction capability of the metamodel (testing sample). The number of
simulations in the training sample was increased in an iterative fashion until the metamodel
predictions had enough quality, which was assessed by calculating the error of the metamodel
predictions compared to the actual output of the simulations in the testing sample. Specifi-
cally, the two criteria used to assess the quality were:

1. First, the Mean Absolute Error (MAE) between the prediction given by metamodels
and the output of the testing sample was smaller than a set limit (this criterion will be
referred to as the magnitude of the prediction error).

2. Second, the variation of the magnitude of the prediction error between two subse-
quent iterations was smaller than a set limit (this criterion will be referred to as the
stability of the prediction error).

These two criteria will be further explained in a later subsection (subsection 3.2.3). Fig-
ure 3.5 summarizes the method used to calculate the metamodels. This process used the dis-
tribution of the reference data to obtain the two sets of samples already mentioned: the train-
ing and testing samples. The metamodels were developed using the training sample output,
and their prediction error was measured using the testing sample output. The final meta-
model was obtained if the quality criteria were fulfilled, and the process ended there. Oth-
erwise, the testing sample was merged with the training sample to train a new metamodel,
which was then used in the next quality assessment. Concurrently, a new set of 50 testing
samples was obtained to assemble and run new simulations for the new quality assessment.

Reference
data
Training set Validation  —
sampling set sampling
v v
Simulations Simulations
v
Metamodel | /M
calculation |
|
y Combine
Prediction training and
error validation set

a

Figure 3.5: Overview of the method used to calculate the metamodels.

All failed simulations were discarded in this development and replaced with successful
ones. Once all the required computer simulations were finished successfully, four different
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methods were used to obtain the metamodels. These methods were selected as the ones ex-
hibiting the lowest prediction error in the work published in Joodaki et al. (2020a) and Larsson
etal. (2024): the least absolute shrinkage and selection operator (LASSO), neural networks
(NN), support vector regressions (SVR) and Gaussian process regression (GPR). Table D.1
shows the set of hyper-parameters used in these metamodels to avoid over- and under-fitting
the training data. This process used a K-fold cross-validation method (James et al., 2021) with
K equal to five. To improve the performance of the regressions, all input variables were scaled
before fitting the metamodels to a zero-to-one scale. Furthermore, output parameters were
also scaled to zero-to-one for the training using NN.

CALCULATION OF THE QUALITY CRITERIA TO ASSESS THE METAMODELS

The magnitude of the prediction error was calculated using the mean absolute error (MAE)
for the testing sample. In this process, the MAE was calculated by taking the average absolute
difference between the metamodel prediction and the simulation output under the same im-
pact conditions using each sample in the testing set. Three error levels were defined by the
authors: “unacceptable”, “acceptable”, and “good” magnitude of the prediction error. These
levels were determined based on a percentage of the reference values in Table 3.5, referenced
as threshold values in the table. An “acceptable” prediction level was reached when the MAE
was under 15 % of the reference value, and a “good” prediction was reached when this value
was under 10 % of the reference value; otherwise, an “unacceptable” prediction was obtained.
The stability of the prediction error also used the MAE and the reference value for its defi-
nition. In this case, two subsequent metamodels were used to calculate the change in the
prediction error; the MAE difference between those metamodels must be under 3 % of the
reference value to obtain a stable prediction error.

In order to achieve these objectives, the metamodel needs to accurately account for the
impact of different input variables. Therefore, the sample size must be sufficiently large for
the metamodel to capture these variations. This size will be dependent on the complexity of
the output that the metamodel aims to predict. However, as indicated in Table 3.2, more
than 50 % of the cases did not involve the use of a load-limiter device, and approximately
32 % of the samples did not have the airbag deployed. This could result in one-third of the
simulations having variations solely due to differences in impact conditions. This imbalance
in the training dataset could lead to issues in the converge process (Alejo ct al., 2007; Hensman
et al,, 2015; Pulgar et al, 2017). Therefore, some distributions of the categorical parameters
were adjusted just for the process of training the metamodel. This was done to create more
variations in the samples, with the goal of reducing the total number of samples needed to
meet the quality criteria. As a result, the number of simulations without a load-limiter device
was adjusted to 10 %, and within this subset, the number of cases with a dual-stage load-
limiter was increased to 40 %. The same changes were applied to the pre-tensioner devices.
The cases with no pre-tensioner device were modified to 10 %, and the number of cases with
pre-tensioners in the retractor and end-bracket increased to 40 %.

3.2.4 INJURY ANALYSIS

Simulation outputs (a physical magnitude such as acceleration, displacement, or force) were
transformed into the probability of sustaining an injury of a specific AIS for each considered
body region. The conversion between physical parameters and injury risk was achieved us-
ing injury risk functions. In particular, three body regions and their respective injury risk
curves were considered in the analysis: Head-Face-Neck (HEN), Thorax (THO), and Knee-
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Thigh-Hip (KTH), as shown in Table 3.5. The criteria used for the KTH body region were
calculated for the left and right regions.

Table 3.5: List of injury criteria and threshold values used for injury prediction with the determinitic

method.
Body region  Injury criteria Threshold value
HFN HIC;5 700
BrIC 1
N;;j 0.5
THO Max. Chest Deflection 60mm
KTH Max. Femur Compression Force ~ 7.56kN

After obtaining the probability of sustaining an injury of a certain AIS severity using the
injury risk curves, this probability value needs to be converted to a binary value, i.e., whether
the injury was sustained or not. Injury patterns were calculated using this output from the
metamodels and compared with those observed in the reference data.

Two methods were used to convert the probability value (% likelihood of a serious injury)
into a binary value (serious/no-serious injury): the deterministic and the probabilistic meth-
ods. Figure 3.6 shows the methodology used to predict if the occupant was severely injured
using the abovementioned methods.

The deterministic method calculated whether there was or was not an injury based on a set
of threshold values, which are listed in Table 3.5. These threshold values were based on the
lower limit for the five-star-rating limit of the Euro NCAP Assessment Protocol for Adult
Occupant Protection (EuroNCAP, 2021). The deterministic method predicted a serious in-
jury (AIS > 3) if the physical magnitude obtained in the simulation was higher than the

corresponding threshold value; otherwise, a non-serious injury (AIS < 3) was predicted.

The probabilistic method evaluated the injury severity using the risk of a serious injury and
a random evaluation based on a binomial distribution as proposed by Kim et al. (2020). The
evaluation procedure took the following steps for each injury criterion:

1. The physical magnitude is obtained from the metamodel (e.g., chest deflection = 70
mm).

2. The risk of sustaining a serious injury associated with the physical magnitude is com-
puted using the corresponding injury risk curve (e.g., the predicted risk of AIS 3+ tho-
racic injury for a chest deflection = 70 mm is 64 %).

3. The probability of sustaining a non-serious injury is calculated (e.g., the probability of
non-sustaining an AIS3+ injury is 36 % = 100 % — 64 %).

4. A random value between 0 and 1 is generated.

S. The random value and the non-serious injury probability are then used to evaluate if
aserious injury is predicted. If the random value is lower than the probability value of
sustaining a non-serious injury, the method predicts a non-serious injury; otherwise, a
serious injury is predicted.

This method emulates the process of conducting many simulations and selecting one of
them randomly. All of these simulations would have predicted the same amount of chest
compression (70 mm), and therefore 64 % of them would have resulted in a serious injury to
the thoracic region. Thus, the random selection of one of these simulations would result in
a 64 % chance of selecting an occupant with a serious thoracic injury.
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Figure 3.6 summarizes the two methodologies that are compared in this study, showing
how a chest deflection of 70 mm is transformed into a serious or non-serious injury. The
functions used to compute the risk of sustaining a serious injury are shown in Table 3.4. Once
the injuries were predicted using either of the classification methods, the injury distribution
predicted by the metamodels was calculated, taking into account the three considered body
regions, and then compared to the pattern observed in the reference data. Each injury pattern
was defined as the combination of non-serious injuries or serious injuries at each body region,
such as occupants with serious injuries in the thorax and the head or occupants with only
serious injuries in the head.

Deterministic Method
Chest deflection threshold = 60mm

Seriousg oo+ X
Sample i —_— injury| Serious
Chest compression — 70mm injury
Non-serious|
I 60 100
[mm]
Probabilistic Method Sur
1 . L. CrIous;

a ot Ay NOH-SCEO;Sl'anury inju Non-serious
= . ) probability ———) . injur
=~ v 1-0.64=036 Moo jury
0 60 Q 'f?b N

[mm)]
Random value > 023 1

generator [0- 1]

Figure 3.6: Example of applying the deterministic and probabilistic methods to the chest deflection
criteria.

3.2.5 PREDICTION OF SERIOUSLY-INJURED OCCUPANTS IN A SIMULATED
POPULATION

The deterministic and probabilistic methods were applied to the outcome of the metamodels
to predict the distribution of severely injured occupants. The sample, in which both methods
were applied, was generated using the Sobol sequence and following the distribution of the
reference data. The metamodels were used to compute the response of the human surrogate
in those conditions.

A sensitivity analysis was carried out to determine a minimum sample size to ensure that
the predicted distribution was obtained robustly, i.e., that the predicted distribution of in-
juries was the same for the given sample and a larger one. In particular, the criterion chosen to
assess the convergence of the model was based on the comparison of the predicted seriously-
injured occupants between two samples of different sizes: one being 1.5 larger than the other
one. When the difference in the percentage of predicted seriously injured occupants between
these two samples was lower than 0.5 % in each body region, it was considered that the model
converged and that the sample size was the appropriate one.

Then, after reaching the acceptable sample size, the predictions given by the two methods
were compared according to the following three metrics:

1. Percentage of predicted injured occupants: This metric evaluates the percentage of
injured occupants for each injury and body region.

49



3 Evaluating the effectiveness of deterministic and probabilistic approaches for predicting
injury outcomes using multibody models in real-world conditions

2. Predicted injury patterns: This metric evaluates the correlation between the predicted
injuries in different body regions, considering if the model can predict simultaneous
injuries.

3. Thedistribution of predicted injuries as a function of the delta-v. This metric was cho-
sen to assess whether the methods predicted injuries under similar impact conditions
as those found in the real-world data. The comparison was limited only to the thoracic
region, which had the highest number of serious injuries among the body regions in
the reference data.

3.3 RESULTS

3.3.1 REAL-WORLD DATA

After applying the inclusion criteria to the dataset from Chapter 2, the size of the dataset
was reduced to 9,957 crashes. A total of 219 occupants sustained at least one serious injury
(AIS 3+) in any of the studied body regions. As shown in Table 3.7, 72, 157, and 70 occu-
pants sustained serious injuries in the Head-Face-Neck (HFN), the Thoracic (THO), and
the Knee-Thigh-Hip (KTH) body regions, respectively (note that a single individual could
have received AIS 3+ injuries in two or even in the three body regions). Table 3.7 also displays
these serious injuries’ anatomical structure classification if considered for the injury criteria.

The top subplot in Figure 3.7 illustrates the injury patterns observed in the reference data.
Each subplot comprises three columns, each representing one of the three body regions con-
sidered in this study. The total height of these columns indicates the total number of samples,
with each column subdivided to display the ratio between cases with an injury severity lower
than AIS 3 (i.e., AIS 0-2) and those with injuries of AIS 3+ severity. The injury severity is
presented for body regions, with the maximum AIS (MAIS) depicted for each region, cate-
gorizing them into MAIS 0-2 and MAIS 3+.

The coloured horizontal areas are related to the different injury patterns found in the ref-
erence data, and the width of these areas represents the relative frequency of the injuries. For
instance, the blue area indicates that an injury pattern consists of MAIS 0-2 for the HFN,
MAIS 3+ for the THO, and MAIS 0-2 for the KTH. This injury pattern was found in 1.3 %
of the cases in the reference data (see the value within the first row of the table included in
the figure, within the column with the blue rectangle in the heading). The larger area (brown
area) corresponds to the cases in which the injuries to the three body regions were of severity
lower than AIS 3+, and this injury pattern was found in 97.4% of the cases. In total, eight
different injury patterns were identified in the reference data, and they correspond to each of
the colours listed in the legend of Figure 3.7.

This representation also allows for obtaining the number of occupants with serious in-
juries in each of the body regions. For instance, the number of MAIS 3+ injuries in the THO
body region is the sum of the blue area, red area, cyan area, and grey area.

The most usual pattern found in the reference data was an occupant with no AIS 3+ in-
juries in any of the three considered body regions (97.4 % of the cases), followed by occupants
with only MAIS 3+ thoracic injuries (blue area, 1.3 % of the cases), MAIS 3+ injuries only
in the KTH region (yellow area, 0.6% of the cases), and then MAIS 3+ injuries only in the
HFN (orange area, 0.5% of the cases). All other injury patterns accounted individually for
less than 0.5 % of cases.

Figure 3.8 provides a clearer view of the injury patterns for occupants who sustained se-
rious injuries in the reference data. While Figure 3.7 is dominated by cases with no AIS 3+
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injuries, this second figure focuses exclusively on the 2.6 % of occupants who experienced
AIS 3+ injuries, thereby discarding cases without severe injuries. The table at the bottom of
the figure shows the frequency of each injury pattern relative to the number of occupants
that sustained at least one AIS 3+ injury in the studied body regions.

3.3.2 METAMODEL TRAINING PROCESS

The application of the quality criteria resulted in using 1,200 samples to train the metamod-
els. Table 3.6 shows the magnitude of the prediction error using the percentage of the refer-
ence value for each injury criterion in the last iteration of the training process. As seen from
the table, all the injury criteria reached an MAE below 10 % of the corresponding reference
value. The metamodels obtained using GPR resulted in the lowest prediction error for most
injury criteria (with a mean value of 1.0 %), followed by those obtained with NN (a mean
value of 1.5 %).

Figure D.1 shows the evolution of the prediction error with the increase of the sample
size in the training process of each metamodel. The prediction error in the training process
followed two trends: a prediction error oscillating around a constant value (only observed for
the HIC criterion) and a decreasing prediction error. Both of these trends were also reported
in Perez-Rapela et al. (2020).

The BrIC, N;j, and chest deflection criteria showed that the GPR metamodel converged
more rapidly than other metamodels. However, there was no clear difference when focusing
on HIC. Regarding the evaluation of the femur compression force criteria, the prediction
errors relative to the limit were the lowest. However, this was because the forces predicted
by the model were consistently below 0.8 kN, showing few interactions between the lower
extremities and the knee bolster. Figure D.2 shows the actual and the predicted values of the
simulation and the GPR metamodel, respectively. The N;; criterion showed the lowest R
value among the injury criteria, as it showed the largest dispersion from the 1:1 ratio between
actual and predicted values.

Table 3.6: Magnitude of the prediction error for each injury criteria and regression method.

Injury criteria MAE (% of reference value)
LASSO SVR NN GPR
HIC 5 1.7 2.5 1.9 2.0
BrIC 2.0 33 2.3 1.2
N; 1 1.8 2.2 1.8 1.2
Max. Chest Deflection 3.4 50 26 1.3
Max. Femur Compression Force (Left) 0.2 02 02 01

Max. Femur Compression Force (Right) 0.1 01 01 02

3.3.3 PREDICTION OF SERIOUSLY INJURED OCCUPANTS IN A SIMULATED
POPULATION

Once the metamodels were trained, they were used to predict the serious injuries in a simu-
lated population that included a significant variation in the impact conditions representing
the reference data. Figure D.3 shows the percentage of seriously-injured occupants for each
sample size. Although the converse criterion was fulfilled within the first 5,000 samples, a
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larger dataset was generated using the metamodels. A total of 10,000 samples were finally
generated, as the change in the percentage of seriously-injured occupants settled below 0.1 %,
as shown in Figure D.4. This figure illustrates how the ratio between seriously-injured/non-
injured occupants changed according to the proposed converge criteria in Subsection 3.2.5.

Table 3.7: Seriously injured occupants observed in the reference data grouped based on the body re-

gion.
. % relative % relative to
Body region .
to total body region
HFN injuries 72 0.8
Head Injuries 53
Skeletal injuries 11 0.1 15.3
Internal organinjury 0.5 8.1
or unconsciousness
Neck injuries 25 0.3 347
THO injuries 157 1.6
KTH injuries 70 0.7

Table 3.8: Body region and source of the injuries predicted using the deterministic and probabilistic

methods.
Deterministic method Probabilistic method

Body regionand % relative % relative to % relative % relative to
Injury criteria tototal  bodyregion tototal  body region
HFN injuries 2.1 - 19.2 -

HIC,s 0.6 28.4 0.0 0.0

BrIC 1.8 83.4 14.7 81.2

Nl-j 0.0 0.0 5.4 28.0
THO injuries 26.8 - 7.1 -
KTH injuries® 0.0 - 1.5 -

* Takes into account the left and right femurs simultaneously.

Table 3.8 shows the proportion of MAIS 3+ injuries predicted for each body region by
the different injury prediction methods. For example, the deterministic method predicted
that 2.1 % of the population would sustain an AIS 3+ to the HFN body region. The table
also displays which injury criteria predicted an AIS 3+ injury within each body region. For
instance, within the HFN region using the deterministic method, 28.4 % of head injuries
were attributed to the HIC criterion, while 84.4 % were attributed to the BrIC criterion.
Note that the sum of the percentages in a given body region may exceed 100 %, as occupants
could have sustained multiple injuries within the same region.

Three comparisons were conducted between the reference data and the predicted injuries
using both deterministic and probabilistic methods. First, the number of injuries was com-
pared in the datasets relative to the total number of cases, focusing on body regions and injury
criteria. Second, the ratio of injuries observed in different anatomical structures was exam-
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ined for the HFN region relative to the total number of injuries in that region. Lastly, the
different patterns were analyzed for the predicted injuries using both methods.

Focusing on the first two comparisons, the following categories can be observed below:
i) Head skeletal injuries against the injuries predicted with HICys; if) Head internal organ
injury and unconsciousness against the injuries predicted with BrIC; iif) Neck injuries against
the injuries predicted with N;j; iv) Thoracic injuries against the injuries predicted with the
maximum chest compression; v) Femur skeletal injuries against the injuries predicted with
the maximum femur compression force in the right and left side. From these comparisons, it
can be stated that:

1. The number of MAIS 3+ injured occupants in the HFN body region was over-predic-
ted by 2.6 times using the deterministic method.

* The number of occupants with head fractures was 5 times over-predicted.

* The number of occupants with head internal organ injury and unconsciousness
was over-predicted by 3.6 times.

* The number of occupants with neck injuries was underpredicted, as no simula-
tion exceeded the threshold for the Nj; criterion.

2. The number of MAIS 3+ injured occupants in the HFN region was over-predicted 24
times with the probabilistic method.

* The number of occupants with head fractures was underpredicted, as no AIS 3+
injuries were predicted for this criterion.

* The number of occupants with head internal organ injury and unconsciousness
was over-predicted by 29.4 times.

* The number of occupants with neck injuries was 18 times over-predicted.

3. The deterministic method over-predicted the number of occupants with MAIS 3+
THO injuries by 16.7 times. The probabilistic method over-predicted the number of
occupants with MAIS 3+ THO injuries by 4.4 times.

4. The number of occupants with femur fractures was underpredicted using the deter-
ministic method, as no AIS 3+ injuries were predicted for this criterion. The proba-
bilistic method over-predicted the number of occupants with femur fractures by 2.1
times.

Figure 3.7 shows the injury patterns observed in the reference data and those obtained af-
ter applying the deterministic and probabilistic methods to the results from the metamodels.
As shown in Figure 3.7, the deterministic method (mid-plot) over-predicted the number of
seriously injured occupants in the HFN and THO body regions in relation to the reference
data (top-plot). In addition, this method failed to capture all the injury patterns observed in
the reference data, more clearly seen in Figure 3.8 with only occupants that sustained at least
one AIS 3+ injury in the studied body regions. In particular, the following injury patterns
that were present in the reference data were not captured by the deterministic methods: only
HEN AIS3+ injuries, HFN and THO AIS3+ injuries, and only THO AIS3+ injuries. These
figures also show that the probabilistic method (bottom plot in both figures) over-predicted
the serious injuries for all regions. However, this method was capable of capturing more in-
jury patterns observed in the reference data. In addition to the visualization of the injury
patterns, Figures 3.7 and 3.8 also include a table showing the percentages of each injury pat-
tern in the reference data and the predictions given by each method. Furthermore, the table
in Figure 3.8 shows the frequency of the injury patterns relative to the number of injured
occupants with at least one AIS 3+ injury.

For the analysis of the conditions predicting thoracic injuries, both injurious and non-
injurious, as a function of delta-v, Figure 3.9 presents a box plot including results from the ref-
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erence data and predictions from the deterministic and probabilistic methods. The whiskers
represent the 5™ and 95 percentiles for each category. This comparison revealed that in the
reference data, the first serious injury occurred at 23 km/h and the last non-serious injury at
53 km/h, as defined by the st and 95t percentiles, respectively. The probabilistic method
produced similar results, with the first serious injuries at 23 km/h and the last non-serious
injuries at 49 km/h. However, the deterministic method showed a different distribution,
with these percentiles at 36 km/h and 39 km/h, respectively. The large number of outliers
observed for both prediction methods resulted from using the st and 95t percentiles as
whiskers, leading to 1,000 samples being classified as outliers.

Figure 3.9 presents a box plot comparing results from the reference data with predictions
from the deterministic and probabilistic methods for the analysis of conditions predicting
thoracic injuries. Injurious and non-injurious outcomes were analyzed as a function of delta-
v. The whiskers represent the 5™ and 95™ percentiles for each category. This comparison
revealed that, according to the reference data, the first serious injury occurred at 23 km/h,
and the last non-serious injury occurred at 53 km/h, based on the 5th and 95th percentiles,
respectively. The probabilistic method produced similar results, with the first serious injuries
also occurring at 23 km/h and the last non-serious injuries at 49 km/h. In contrast, the de-
terministic method displayed a different distribution, with the 5t and 95t percentiles at 36
km/h and 39 km/h, respectively. The large number of outliers observed for both prediction
methods is attributed to the use of the 5™ and 95™ percentiles as whiskers, which led to 1,000
samples being classified as outliers.
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Figure 3.9: Box plot of MAIS 0-2 and MAIS 3+ thoracic injuries observed in the reference data and
applying the deterministic and probabilistic methods. Whiskers in the boxplot represent
the 5™ and 95t percentile of the observed data.

3.4 DiscussioN

The comparison between real-world injury data and data from computer model predictions
is not straightforward due to the difficulties associated with the estimation of injury outcomes
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using computer models. Computer models can predict physical magnitudes, from which the
likelihood of sustaining an injury of a certain AIS level can be calculated using an injury risk
function. However, the number and the severity of injuries in real-world crashes are obtained
directly from the investigation of the collisions. Thus, two approaches can be applied to en-
sure the comparability of the two data sources: either injury observed in the real world can be
used to obtain the injury risk that correlates the likelihood of certain injury severity with the
impact conditions of the crash, as in Iracus et al. (2016) and Takhounts et al. (2019), or a method
can be employed to assign whether the computer model predicts an actual injury or notin a
given impact condition as in Perez-Rapela et al. (2020), Kim et al. (2020), Bance et al. (2021), and
Wang et al. (2021). To our knowledge, this is the first work that has studied the performance
of both approaches in evaluating injury outcomes using a comparable methodology.

Neither of the two methods used in this study to evaluate serious injuries has resulted in
the same injury distribution observed in the real-world reference crashes, regardless of con-
sidering only specific injuries or injuries grouped by body region. It was observed that each
individual method could have a better performance for some body regions but worse for oth-
ers, which opens the door to assessing whether a combination of the methods could obtain
a better overall performance.

3.4.1 COMPUTER MODEL AND METAMODELS

The convergence of the metamodels showed similar trends as those observed in Perez-Rapela
etal. (2020). The metamodels with the lowest prediction error were obtained using the GPR
method, which was not employed in the referenced study. Although the regression with NN
showed a higher prediction error, it can be trained to predict several outputs with the same
network, which was not applied in this study.

The criteria to evaluate the converge performance was based on the thresholds used for
the deterministic method, as 10 % and 15 % of the values. Although the metamodels showed
prediction errors below these thresholds for almost all iterations, a variation in the impact
conditions and/or threshold values can modify the converging process considering the pre-
diction error and its stability as more samples are used in the training process. Thus, further
research should explore how these variations influence the metamodels’ ability to consistently
and accurately predict the injury criteria when different crash conditions or HBM models are
used.

3.4.2 PREDICTION OF INJURY OUTCOMES AND ASSESSMENT OF THE
DETERMINISTIC AND PROBABILISTIC APPROACHES

The metamodels allowed the prediction of injury outcomes for a population of 10,000 in-
dividuals, which is approximately ten times greater than the number of simulations carried
out to obtain the metamodels. This reduction in the computational cost using metamodels
saved weeks of computing, and it will take even higher importance if the method is applied
to more complex HBMs, such as finite element (FE) models.

DETERMINISTIC METHOD

Differences were found between the predictions based on the deterministic method and the
reference data: serious injuries were over-predicted for some body regions, and no injuries
were predicted for others, some of these over-predicted serious injuries were associated with
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an injury criterion that was not related to the actual injury, and the predictions did not cap-
ture some injury patterns observed in the reference data.

The observed over-prediction of thoracic injuries aligns with previous studies, such as Hu
etal. (2015). In that study, which used the same HBM, an over-prediction of chest deflection
was noted when compared to predictions using THUMS v4.0. To address this issue, the au-
thors adjusted the injury risk function based on the chest deflection of the MB HBM to pre-
dict an injury risk similar to the one observed in a NASS CDS dataset. This modified injury
risk function was applied in the current study (see Table 3.4), resulting in a smaller discrep-
ancy between the probabilistic method and the reference data in relation to the observation
using the deterministic method. Although other studies have proposed scaling methods for
HBM predictions (Forman et al., 2022), it is crucial that adjustments to the injury criteria be
validated with multiple sources of reference data. This ensures that the adjustments do not
obscure the model’s lack of bio-fidelity by over-fitting a particular dataset.

No serious injury was predicted for the KTH region with the deterministic method, as no
simulation overcame the threshold used for the maximum compression force of the femurs.
Although this may be linked to the validation of the vehicle interior model and the contact
forces between the occupant and the knee bolster, the probabilistic method over-predicted
the mentioned injuries. Lastly, the deterministic method over-predicted the percentage of
HFN injuries by 2.6 times. However, this correlation does not ensure similar outcomes for
each injury criterion separately. While the BrIC criterion over-predicted soft tissue head in-
juries by 3.6 times, the HICy5 criterion over-predicted the number of occupants with skull
fractures by S times, and there were no neck injuries. These results suggest that the bench-
marking of the method must consider each injury criterion separately to guarantee similar
predictions by the model as those observed in the reference data.

It is important to recognize that the accuracy of injury prediction using the determinis-
tic method relies on the threshold values selected. In this study, they were chosen from the
lower boundary of the five-star-rating Euro NCAP protocol (EuroNCAP, 2021). However, al-
ternative thresholds could have led to different results. On the one hand, the method demon-
strated an over-prediction of the number of injuries observed in the reference data and failed
to capture certain injury patterns observed in real-world scenarios. The selection of a higher
threshold could have been used to avoid this over-prediction. On the other hand, this ap-
proach failed to capture the large range of velocities in which serious thoracic injuries were
observed in the reference data. Thus, increasing the threshold to solve the over-prediction of
injuries would have negatively impacted this metric, as it would have resulted even in higher
delta-vs at which serious injuries were predicted and even more different distributions. Fig-
ure 3.10 shows the mentioned impact of increasing the threshold to decrease the total number
of AIS 3+ injuries in the THO region by applying a 10 % and 20 % increase in the threshold.
This modification resulted in increasing the velocity at which the AIS 3+ injuries were pre-
dicted. Furthermore, this modified threshold was not able to predict a similar overlapping
range of delta-v in which cases with and without AIS 3+ injuries were observed in the refer-
ence data.

Although Bance etal. (2021) and Wang et al. (2021) also employed the deterministic method,

as they used other metrics to compare their results with the reference data, a direct comparison
with the results of the current study is not possible.
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Figure 3.10: Box plot of MAIS 0-2 and MAIS 3+ thoracic injuries observed in the reference data and
applying the deterministic methods with two extra variations. The first and second vari-
ations used a 10 % and 20 % higher threshold than the reference case. Whiskers in the
boxplot represent the 5t and 95 percentile of the observed data.

PROBABILISTIC METHOD

Contrary to the deterministic method, the probabilistic method was able to predict all injury
patterns observed in the reference data. However, the number of cases within each injury pat-
tern (the width of the line) was different from the reference data, with large over-predictions
of HFN injuries.

The main difference between the injuries predicted by each injury criterion using the prob-
abilistic method and the reference data was observed with the BrIC criterion. Takhounts et al.
(2019) found that this criterion is highly dependent on the delta-v and PDOF of the crash. In
their study, a weighted average of the injury risk predicted using the BrIC criterion was used to
compare predictions with NASS CDS data, accounting for the frequency of each crash con-
figuration. This approach showed comparable results for injury risk prediction. Although
this method was not applied in the current study, the frequency of crash configurations was
considered when obtaining the input dataset for the metamodels. However, this led to an
over-prediction of the number of injured occupants.

The probabilistic method also over-predicted the number of THO AIS 3+ injuries. How-
ever, it accurately approximated the 5t and 9sth percentiles of delta-v for both seriously and
non-seriously thoracic-injured occupants, with a difference of 5 kph or less. As previously
mentioned, the injury risk function used for this criterion was scaled according to Hu et al.
(2015). Therefore, a greater over-prediction of THO AIS 3+ injuries would be expected if the
original injury risk function had been applied. Additional scaling could be also implemented
to match the reference data in this region. However, this was not applied as the weights of
the NASS CDS samples were not used in the reference data.
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3.5 LIMITATIONS

The first limitation of the study was associated with the reference data. As the reference
data was based on the results from Chapter 2, the weights of the NASS CDS samples were
not used. Consequently, the reference dataset was biased towards more injurious outcomes.
However, including these weights could have introduced bias in the additional variables aug-
mented in the dataset (i.e., restraint system variables). Furthermore, while the width of the
injury patterns would have changed with the inclusion of weights, the same patterns would
still be present in both datasets.

The second limitation of the study was associated with the computer model used to calcu-
late the metamodels. Although MB models are computationally less expensive, implement-
ing an FE model could be necessary to capture more complex behaviours related to injury
causation in the real world, as explored in the next chapter. FE models allow the use of strain-
based injury criteria, which could be applied to all crash directions. As the applied injury
criteria used in this study are based on those developed for ATDs, they cannot be considered
omnidirectional, and the discussion of how appropriate they are for non-pure frontal impacts
is relevant but out of the scope of this work. Furthermore, the model used in the study only
represents the 50 percentile male, which does not represent the whole population observed
in the reference data. While a previous Madymo human body model was developed to be
scalable to different anthropometries (Rodarius et al., 2007), the latest version of the Madymo
human model was used here to carry out the simulations. Regarding the vehicle interior and
restraint system, this study focused on modifying the seatbelt system. This resulted in using
the same airbag and vehicle interior properties for all simulations.

The third limitation of the study was associated with the prediction of injuries. On the one
hand, not all the injury criteria have publically available validation data, such as comparing
the injury prediction capabilities of the model with injuries reported by PMHS tests and field
data. Although the quality report of the model mainly focuses on kinematic and kinetic val-
idation of the model (Simcenter Madymo, 2021), previous studies have used the applied injury
criteria (Bance et al., 2021; Hu et al., 2015; Kim et al., 2020). On the other hand, Hu et al. (2015)
and Forman et al. (2022) refined injury risk functions for thoracic injuries in MB and FE mod-
els, respectively, to better align computer model predictions with real-world data. A similar
strategy could be applied to this method to enhance the predictive accuracy of metamodels.
However, there are inherent approximations in the computer model, such as the use of a sin-
gle male anthropometry and variations in the vehicle. Modifying injury thresholds or injury
risk functions to improve data alignment may obscure these model limitations and result in
an ad-hoc solution specific to this study. Furthermore, other injury criteria could be applied
to the HBM to predict occupant injuries. A possible replacement could be implemented with
the DAMAGE criteria (Gabler et al., 2019), which Osth etal. (2023) found over-performing the
BrIC in a set of vehicle crash tests using the THOR 50t percentile male and the WorldSID
soth percentile male ATDs. However, the solver version used in this study did not support
the use of such criteria.

3.6 RELATED PUBLICATIONS
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ministic and probabilistic methods in frontal crashes. Computer Methods in Biome-
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4 EVALUATING THE EFFECTIVENESS OF
DETERMINISTIC AND PROBABILISTIC
APPROACHES FOR PREDICTING INJURY
OUTCOMES USING FINITE ELEMENT
MODELS IN REAL-WORLD CONDITIONS

This chapter examines the use of finite element (FE) models to predict injury outcomes in
real-world conditions. This modelling approach enables the detailed representation of occu-
pant anatomy, applying morphing techniques to reflect a diverse population, and using more
advanced injury criteria. To validate the model’s predictive capabilities, its predictions were
compared with actual injuries and injury patterns documented in real-world crashes. An FE
human body model (FE HBM), combined with a generic vehicle interior model, was used to
estimate the likelihood of injuries based on selected criteria across various impact scenarios
derived from real-world crash data. Additionally, a metamodel was developed to predict the
likelihood of moderate injuries, serving as a surrogate model for the full computer model. As
presented in Chapter 3, the injury outcomes from real-world data (obtained in Chapter 2)
were compared to estimates from deterministic and probabilistic approaches. This bench-
marking assessed the predicted number of injured occupants, the injury patterns observed,
and the conditions under which these injuries were observed.

4.1 INTRODUCTION

In Chapter 3, a method was introduced to evaluate the influence of restraint system char-
acteristics on injury outcomes, utilising a multibody (MB) model to complement the study
present in Chapter 2. Although MB models offer a simplified representation of occupants
and allow for computational efficiency, the model in this study was constrained by its re-
liance on a single occupant anthropometry to represent the entire population. To overcome
this limitation, more advanced models could be employed, such as finite element (FE) mod-
els which are capable of being morphed to represent different anthropometries. In this study,
a morphing technique was applied to the FE model to simulate a wider range of popula-
tion anthropometries, moving beyond the typical reliance on a S0 percentile male occu-
pant, thereby providing a more inclusive prediction of injury outcomes. Furthermore, the
FE model facilitated the application of advanced injury criteria to evaluate potential injuries
in specific anatomical structures, a factor that was integrated into the analysis.

As in the previous chapter, the estimations of the method, using both deterministic and
probabilistic approaches, were benchmarked against the injury data presented in Chapter 2.
In this instance, the evaluation incorporated variations in impact conditions, restraint system
configurations, and occupant characteristics.

63



4 Evaluating the effectiveness of deterministic and probabilistic approaches for predicting
injury outcomes using finite element models in real-world conditions

Nearly 90 % of the computational cost required for the crash configuration estimations
used in the benchmark in Chapter 3 was reduced by employing a metamodel. These compu-
tational savings are particularly significant when working with FE models, as the reduced cost
can prevent the need for simulations that would otherwise take weeks or even months, de-
pending on the available computational resources. Additionally, as more variables are intro-
duced in this study, the number of crash configurations is expected to increase, further driving
up computational demand. To address this, various regression methods were tested to deter-
mine the most suitable metamodel capable of accurately capturing the computer model’s
behaviour.

4.2 METHODS

Figure 3.1 shows a summary of the methodologies applied in this chapter to benchmark both
deterministic and probabilistic approaches in estimating injury outcomes under real-world
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Figure 4.1: Overview of the method used to predict injury outcomes using the FE model.
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Passenger vehicle crashes obtained in Chapter 2 and filtered in Chapter 3 were used in this
study. Occupant variables (such as height, weight, age and sex) were included in this chap-
ter for the analysis, as the human body model (HBM) was morphed to consider different
anthropometries.

AIS code from 1998 (AAAM, 1998) was used to describe the injuries sustained by the oc-
cupants in the following body regions: Head-Face-Neck (HFN), Thorax (THO) and Knee-
Thigh-Hip (KTH).

4.2.2 COMPUTATIONAL MODEL

A finite element (FE) model was used to predict the likelihood of occupant injuries using
LS-Dyna (16 cores, v12.1 mpp single precision, Livermore Software Technology, Livermore,
CA). The FE model was assembled using a generic vehicle interior (GVI) model and a HBM.
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A frontal impact generic vehicle interior sled model (referred to as the GVI model here-
after) (Iracus et al., 2016) was modified, and its response was validated to simulate frontal
crashes, with the HBM positioned as the driver. The modifications included replacing the
original seat model with an open-source model (FE_models / Open Access Front Seat Model - Git-
Lab 2024) and updating the belt system, except for the buckle and the buckle cable restraint.
The seatbelt model was routed using Oasys Primer (v.17.0, Oasys Ltd., London, UK) with-
out additional slack. Bending beams (Dahlgren et al., 2020) were implemented in the lap and
shoulder belt webbing to prevent excessive belt bending. Appendix E provides a detailed de-
scription of the GVI model, the specific modifications performed, and their validation.

As detailed in Chapter 3, a retractor and end-bracket pre-tensioner were enabled or dis-
abled based on the reference data. Additionally, a one- or two-stage load-limiting device was
activated or deactivated accordingly. The crash acceleration pulse was calculated using the
formula developed by Iracus et al. (2015).

A baseline HBM was used to generate different anthropometries to represent all occupants
observed in the reference data. The SAFER HBM (SHBM) v11.0.2 (Pipkorn et al., 2023) was
used as the baseline model. Although validation with the used version of the model has not
been released, validations with previous versions of the model included Pipkorn et al. (2019),
Iraeus et al. (2019), Larsson et al. (2021b), Larsson et al. (2024), Kleiven (2007), and Fahlstedt et al.
(2022). Once the HBM was morphed, it was seated according to the sex, height, and weight of
the occupant based on the methodology described by Park etal. (2016), utilising the marionette
method. The seat position was also calculated following Park et al. (2016), with an additional
25 mm upward displacement to account for some anthropometries’ lack of seat cushion de-
formation. The strain and stresses of the pelvis flesh from the HBM were imported from the
positioning simulation to the crash simulation.

To ensure the stability of the models, each morphed HBM was used to run four simula-
tions. These simulations included pure frontal crashes at speeds of 30, 50, and 70 km/h and
a 45 km/h far-side crash at 30°. A total of 200 simulation results were meticulously inspected
to identify and rule out any contact intersections, poor-quality elements or numerical insta-
bilities.

Table 4.1 shows all the parameters used to obtain the computer model.

Table 4.1: Parameters used to obtain the computer model.

Acceleration pulse  GVI model Occupant model
e Delta-v o First stage LL e Occupant height
e PDOF e Second stage LL e Occupant weight

e Vehicle weight e Airbag deployment e Occupant sex
e Crash opponent e Retractor PP

o F2F e Anchor PP

o F2S e Activation time delay

o NO e Knee bolster stiffness

o WO e Steering column force
e Airbag radius

e Airbag pressure
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GENERATION OF MORPHED HUuMAN Bopy MODELS

The distribution of occupant variables is detailed in Appendix C.3. The reference dataset
showed nearly equal numbers of male and female occupants, with male occupants compris-
ing 50.4 % of the total. Figure C.14 shows the population distribution of male and female
occupants by age, revealing no significant differences below 80 years old (i.e., a difference be-
low 5 % in each 10-year age group). Figure C.15 illustrates the age distribution of the reference
data, regardless of sex, indicating that 79 % of the occupants were younger than S5 years old
and 89 % were below 65 years old.

Regarding the weight and height of the reference data, Figure C.16 shows a univariate and
bivariate distribution of these variables, grouping the data by occupant’s sex. Based on Lars-
son et al. (2024), 50 combinations of weight and height (25 combinations for each sex) were
chosen to represent the reference population. A kernel density estimate (KDE) was calculated
using the occupant’s weight and height observed in the reference data. Figure 4.2 shows the
probability distribution of female and male occupants using the KDE. The probability levels
in the KDE plot, shown with the different coloured areas, were adjusted to ensure that 90 %
of the occupants of each sex were contained within the outermost contoured area in each
plot. Black points show the combinations of weight and height used to morph the HBMs.
Furthermore, Table F.1 and F.2 show the combination of parameters to morph female and
male occupants, respectively.
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Figure 4.2: Distribution of occupants’ height and weight in the reference dataset, illustrated using
kernel density estimation (KDE). The shadowed areas in each plot represent 95 % of the
population for female and male occupants in the reference data. The black points indicate
the 50 combinations of weight and height used to morph the HBM, with female occupants
shown in the left-hand subfigure and male occupants in the right-hand subfigure.

The HBM morphing method (Hwang et al., 2016a) was employed with the SHBM to ob-
tain HBMs with anthropometric targets from Table F.1 and Table F.2 in Appendix F. This
method combines a statistical skeleton geometry model with a statistical human shape model
to determine the geometry of the ribcage, femur, pelvis, tibia, and body surface. A set of land-
marks in both the statistical models and the SHBM was then used to modify the mesh of the
SHBM accordingly. The models’ element quality and contact interference were observed
and modified if necessary to avoid numerical errors in the simulations. This method focused
on modifying the geometry of the occupant, and material properties were not altered in the
process.
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(a) Female occupant with 162.5 cm and 44.8 kg. (b) Female occupant with 170.2 cm and 108.3 kg.

(c) Male occupant with 175.5 cm and 57.6 kg. (d) Male occupant with 185.6 cm and 121.3 kg.

Figure 4.3: Examples of morphed HBM:s before performing positioning simulation.

Age and seating height ratio must also be defined for the HBM morphing method. All
occupant anthropometries used an age and seating height ratio of 45 years and 0.52, respec-
tively. The baseline SHBM material properties were not modified for this study. This age was
also applied to the method used to calculate the occupant position using Park et al. (2016).

Figure 4.3 illustrates four examples of morphed HBMs, showing one short and under-
weight and one tall and overweight subject for each sex. The height and weight of each subject
can be observed in the caption of the figure.

INJURY CRITERIA

As in Chapter 3, this study focused on injuries in the following regions: Head-Face-Neck
(HFN), Thorax (THO), and Knee-Thigh-Hip (KTH). However, the injury criteria and sever-
ity used in this study differ from those applied in the previous chapter, as the FE model and
applicable injury criteria differ from the multibody (MB) model used previously. For each re-
gion, specific injury criteria were selected to predict injuries, as outlined in Table 4.2. Injuries
in the reference data were identified using the AIS code (AAAM, 1998), with the identifica-
tion process considering the body region, the type of anatomical structure involved, and the
specific structure or nature of the injury.
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Table 4.2: List of body region and injury criteria used for injury prediction with the FE HBM.

Numerical Injury

Body region Body structure Injury criteria Identifier®
Head Skeletal HICq5 1-5-04
Internal ?rgans DAMAGE 1-4-any
Unconsciousness 1-6-any
4-5-02
Thorax Thorax Fractured ribs Excluded:
450214.3
Thigh (femur) ~ Skeletal Max. femur 8-5-18

compression force

2 Desribed as REGION90-STRUCTURE-STRUSPEC.

Two injury criteria were used to predict the risk of head injuries. Skeletal injuries were
linked to the HIC5 criteria (Eppinger et al., 1999; Hertz, 1993; Versace, 1971). Injuries in the
soft tissue of the head, considering injuries in the internal organs and unconsciousness, were
linked to the DAMAGE criterion (Gabler et al., 2019). Neck injuries were not considered in
this study. The number of fractured ribs (NFR) (Forman et al., 2012) was considered for tho-
racic injuries, using the risk of rib fracture given by the maximum strain of each rib. Femur
skeletal injuries were considered for injuries in the KTH body region, which was linked to
the maximum compression force in the femur (Kuppa et al., 2001).

The DAMAGE criterion (Gabler et al., 2019), developed at UVa, was used to predict head
internal organ injuries and unconsciousness. This criterion has been adopted by Euro NCAP
(2023a) since 2023. Furthermore, Osth et al. (2023) found that the DAMAGE criterion out-
performed the BrIC criterion in predicting the maximum principal strain (MPS) in a set of
vehicle crash tests using THOR-50M and WorldSID-50M. The technical bulletin for brain
injury calculation published by Euro NCAP (2023b) applies an injury risk function for AIS 2+
injuries, which was applied in this study. Consequently, the AIS level for skeletal injuries was
modified to include AIS 2, ensuring consistent injury severity criteria across the same body
region.

Iracus et al. (2016) estimated the risk of rib cage injuries, specifically classified as two or
more fractured ribs (NFR 2+) and three or more fractured ribs (NFR 3+), corresponding
to AIS 2+ and 3+, respectively, using an HBM. These estimates were then compared to in-
jury risk data obtained from real-world crashes reported in NASS CDS. However, some AIS
codes using AAAM (1998) have uncertainty when describing NFR 2+ and 3+. Therefore, this
study just focused on NFR 2+ injuries, where there is no such uncertainty.

The NFR2+ risk was calculated using a probabilistic age- and strain-based rib fracture
risk method (Forman et al., 2012). This method employed the maximum first principal strain
observed in each rib during simulation, applied in a strain-based and age-adjusted injury risk
function (Larsson et al., 2021a). Each rib’s fracture risk was then combined to obtain the risk
of NFR2+ and the expected number of broken ribs.

The femur skeletal injuries included AIS 2+ injuries. This ensured the uniformity of injury
severity across all body regions in comparison with the reference data.

A binary variable was created to describe if the occupant sustained an AIS 2+ injury in
these body regions. Furthermore, MAIS 2+ for each body region was calculated. Table 4.3
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shows the differentinjury risk functions used to predict the injury risk of sustaining an AIS 2+
injury using the FE HBM.

Table 4.3: List of injury risk functions used with the FE HBM.

Boc.ly Injury criteria  Injury risk function Reference
region
In(HIC5) —
HEN  HICIS Parsss(HIC)5)*= @(w) Eppinger etal. (1999)
o
0.017 + 0.957DAMAGEr875

DAMAGE Pars 2+ (pamace) = 1 —exp 0.459 Euro NCAP (2023b)

Rib strain In(strain) — + Brage)
THO (per rib) mecturejib(stmin,age)b= 0.5+ O.SEI’f[ \/gj: Prag Larsson et al. (2021a)

Max. Femur
KTH  Compression
Force [kN]

* Where @ = cumulative normal distribution, y = 6.96352 and o= = 0.84664.
b Where erf = error function, By = —2.9866, 81 = —0.0130 and @ = 0.3026.

1
Pais 2+(Fc) =
1 + exp>7949-0519Fc

Kuppa etal. (2001)

4.2.3 DEVELOPMENT OF THE METAMODEL

Table 4.2 lists the injury criteria measured from the simulations using the computer model,
which were utilised to develop the metamodel. This process followed the methodology de-
scribed in Section 3.2.3. While the criteria for the HFN and KTH regions followed the same
procedure, the THO criterion was handled differently. The number of fractured ribs was
calculated by measuring 24 rib strains in each simulation and evaluating the risk of fracture
within each rib. The rib fracture risk was calculated using the maximum strain within the
rib and the occupant’s age. The aggregation of the risks for all ribs provided the likelihood of
sustaining NFR 2+ injuries. Since the model’s anthropometry was not age-dependent, the
metamodel was designed to predict maximum rib strains alone, which were subsequently
combined with age when evaluating fracture risk to predict the injury outcome.

The iterative process used to develop the metamodels, as explained in Subsection 3.2.3,
involved 50 simulations per iteration, with one simulation for each morphed HBM. Since
200 simulations were initially run to verify the stability of the morphed HBMs on the GVI
model, these simulations were leveraged to create the initial metamodel and start the subse-
quent iterations.

All non-normally terminated simulations were discarded. Following the methodology in
Chapter 3, once all required computer simulations were completed, the metamodels were de-
veloped using the least absolute shrinkage and selection operator (LASSO), neural networks
(NN), support vector regressions (SVR), and Gaussian process regression (GPR). Table G.1
lists the set of hyperparameters used for these metamodels to prevent overfitting and under-
fitting the training data. This process employed a K-fold cross-validation method (James et al.,
2021) with K equal to five. To improve regression performance, all input variables were scaled
to a zero-to-one range before fitting the metamodels. Additionally, output parameters were
also scaled to zero-to-one for the regressions using NN. SVR and GPR regression methods
were the only ones applied to the maximum strain per rib simulation output.

Both the magnitude of the prediction error and the stability of the prediction error, as
defined in Section 3.2.3, were applied in this study. These levels were determined based on
a percentage of the reference values in Table 4.4, referenced as threshold values in the table.
Regarding those criteria modified in this study, the threshold for the DAMAGE criteria was
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fixed to 0.42, equivalent to 50 % risk of sustaining an AIS 2+ injury, and the threshold for the
number of fractured ribs criteria was fixed to 2 expected fractured ribs. The expected number
of fractured ribs was calculated using Equation 4.1 from Iracus et al. (2021). Where P; was
calculated for each rib using the probability rib fracture function (P fraciure_rin(Strain, age)),
from Table 4.3, with an age equal to 45 years.

24
Expected number of fractured ribs = Z P; (4.1)
i=1

Table 4.4: List of injury criteria and threshold values used for injury prediction with the FE HBM.

Body region  Injury criteria Threshold value
HFN HICs 700
DAMAGE 0.42
THO Number fractured ribs 2 Expected fractured ribs (45 year-old)
KTH Max. Femur Compression Force  7.56kN

As defined in Section 3.2.3, the convergence of the metamodels was achieved when the
prediction error was below 10 % of the threshold values, and the stability of the prediction
error was below 3 % of the threshold values for the variation of prediction error between
iterations.

The training samples were generated with some modifications to the reference data dis-
tributions. As stated in Section 3.2.3, the restraint system configuration distribution was
adjusted to improve the convergence speed of the metamodel. Specifically, the distributions
of the inclusion of load-limiting and pre-tensioning devices were modified. For detailed in-
formation on these adjustments, refer to Section 3.2.3.

The computer model used in this study also included two groups of variables, which were
not present in the model used in Chapter 3. The first group comprised occupant variables,
specifically sex, height, and weight, as the occupant’s age was not considered in the morph-
ing process. As mentioned above, each loop iteration of the metamodel obtention process
involved one simulation with each of the 50 morphed HBMs.

The second group of variables contemplated the configuration of the GVI model, which
included the airbag size and pressure, steering wheel compression force, and knee bolster stiff-
ness. Two values were used for each of these GVI configuration variables, one with a low
value and another with a high value. These values were chosen using the normal distribu-
tions described in Iracus et al. (2016) by taking the mean value of the distribution and adding
or subtracting the standard deviation to obtain the high and low values, respectively. All
possible combinations were generated using a full factorial design, and the configuration of
each simulation was created by selecting from those combinations according to a uniform
distribution. Appendix E contains the exact values and the validation of the GVI model.

4.2.4 INJURY ANALYSIS AND PREDICTION OF AIS 2+ OCCUPANT INJURIES IN A
WIDE SPECTRUM OF IMPACT CONDITIONS

The deterministic and probabilistic methods described in Chapter 3 were employed, utilising
the developed metamodels, to predict whether occupants sustained injuries in the studied
body regions. The functions used to compute the risk of sustaining AIS 2+ injuries are shown
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in Table 4.3. Table 4.4 shows the threshold values used with the deterministic method to
calculate whether there was or was not an AIS 2+ injury.

The sample used to compute the distribution of injuries was generated using the Sobol
sequence (Bratley et al., 1988). The initial parameters for starting the sequence were the same
as those used in Chapter 3. Consequently, the impact conditions for both samples were iden-
tical, with the addition of occupant variables for this study. The metamodels for each injury
criterion used this sample to obtain the response of the human surrogate, and the determin-
istic and probabilistic methods were then employed to compute the distribution of injuries
based on these results.

The dataset used to compute the distribution of injuries was expanded until a minimum
sample size was achieved, ensuring robust computation of the injury distribution. This min-
imum sample size was determined by applying the criteria outlined in Subsection 3.2.5, en-
suring that repeated computations would result in consistent results.

The predictions generated by the two methods were compared based on the percentage of
predicted injured occupants, injury patterns, and the distribution of predicted injuries as a
function of the delta-v in the collision.

4.3 RESULTS

4.3.1 REAL-WORLD DATA

The dataset of real-world crashes used in Chapter 3 was also utilised in this study. Injuries
for the Head-Face-Neck (HFN), Thoracic (THO), and Knee-Thigh-Hip (KTH) body re-
gions were recalculated for AIS 2+ injury severity across 9,957 crashes. Table 4.6 details the
MAIS 2+ injuries sustained by occupants in the HFN, THO, and KTH body regions. The
HFN region was the most frequently injured, with 281 MAIS 2+ cases, focusing solely on
head injuries, followed by the THO region with 173 MAIS 2+ cases. The KTH region had
the fewest injuries, with 70 MAIS 2+ cases. In the HFN region, head skeletal injuries were
observed in less than 5 % of the cases. In contrast, internal organ injuries or unconsciousness
were noted in 98.2 % of the cases with MAIS 2+ in this region.

The top subplot in Figure 4.7 displays the injury patterns observed in the reference data.
Each subplot is divided into three columns, representing the three body regions analysed in
this study. The total height of each column corresponds to the total number of samples, with
subdivisions indicating the proportion of cases with injury severities lower than AIS 2 (i.e.,
AIS 0-1) and those with injuries of AIS 2 or greater (AIS 2+). Injury severity is categorised by
body region, with the maximum AIS (MAIS) shown for each, and classified into MAIS 0-1
and MAIS 2+. The coloured horizontal areas within each column correspond to the different
injury patterns identified in the reference data, with the width of these areas reflecting the rel-
ative frequency of each injury pattern. In total, eight distinct injury patterns were identified
in the reference data, each represented by a colour indicated in the legend of Figure 4.7.

The most usual pattern found in the reference data was an occupant with no AIS 2+ in-
juries in any of the three considered body regions (97.4 % of the cases), followed by occupants
with only MAIS 2+ HFN injuries (orange area, 2.4 % of the cases), MAIS 2+ injuries only in
the THO region (blue area, 1.3% of the cases), and then MAIS 2+ injuries only in the KTH
(yellow area, 0.5% of the cases). All other injury patterns accounted individually for less than
0.5 % of cases.

Figure 4.8 provides a clearer view of the injury patterns for occupants who sustained mod-
erate injuries in the reference data. While Figure 4.7 is dominated by cases with no AIS 2+
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injuries, this second figure focuses exclusively on the 4.7 % of occupants who experienced at
least one AIS 2+ injury in the studied body regions.

4.3.2 DEVELOPMENT OF THE METAMODEL

A total of 1,400 samples were used to train the metamodels, including the 200 samples ini-
tially used to check the stability of the morphed HBMs. Table 4.5 presents the magnitude of
the prediction error as a percentage of the reference value for each injury criterion in the final
iteration of the training process. As observed in the table, not all the injury criteria reached
the convergence criteria for an acceptable or good magnitude of the prediction error defined
in Subsection 3.2.3.

Table 4.5: Magnitude of the prediction error for each injury criteria and regression method.

Injury criteria MAE (% of reference value)
LASSO SVR NN GPR
HIC;s 34.8 359 333 249
DAMAGE 14.6 143 144 8.8
Expected number of broken ribs 24.5 - - 11.0
Max. Femur Compression Force (Left) 2.1 33 22 1.1

Max. Femur Compression Force (Right) 2.1 34 21 1.1

The metamodels obtained using GPR resulted in the lowest prediction error for all injury
criteria (with a mean value of 9.4 %), followed by those obtained with NN (a mean value of
13.0%). Figure G.1 shows the evolution of the prediction error with the increase of the sample
size in the training process of each metamodel. The HIC criterion was the metamodel with
the worst performance and did not fulfil the criteria from Subsection 3.2.3 to achieve conver-
gence. Although this criterion did not converge, the iterative training process was stopped.
This decision was taken after observing all other criteria converge to an acceptable or good
magnitude of the prediction error and analysing the converging process for the HIC criterion.

The FE model predictions for the HIC criterion ranged from 1t010,000. The distribution
of these results showed 75 % of the predictions below a value of 220 and 90 % below 1,500.
In addition to monitoring the evolution of the prediction error using the testing sample, the
training error was also analysed in this case. Figure 4.4 illustrates the evolution of the MAE
measured using the training sample. While a decrease in error was observed for the first 1,000
samples, no significant reduction occurred in the subsequent 400 samples, with the error sta-
bilising above the 15 % threshold of “acceptable” prediction error. The source of this error in
the training sample is more clearly demonstrated in Figure 4.5. Subfigures (a) and (b) display
the same data, with subfigure (b) presenting a zoomed-in view of the range from 0 to 1,000.
The black dashed line represents a one-to-one correlation between the metamodel’s actual
and predicted values using the metamodel. As seen in both subfigures, there was noticeable
dispersion in the values at both small and large values, resulting in a poor fit of the training
data.

For the other injury criteria, a sample size between 500 and 600 crashes was sufficient
to achieve an acceptable prediction error. As observed in the previous chapter, the femur
compression force criterion had the lowest prediction errors relative to the limit. Figure G.2
compares the actual simulation values with the predicted values from the GPR metamodel.
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Figure 4.4: Mean absolute error (MAE) obtained for the HIC criterion metamodel using LASS, SVR,
NN, and GPR. The horizontal axis shows the number of samples used to train the meta-
model, and the vertical shows the MAE of the predictions using the metamodel. The
dashed black line displays the MAE values that have an error of 10 % of the threshold cri-
teria value (“good” magnitude of prediction error), and the dotted black line displays the
MAE values that have an error of 15 % of the threshold criteria value (“acceptable” magni-
tude of prediction error).
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Figure 4.5: Actual vs. predicted values of the 1,400 simulations used to develop the GPR model for the
HIC criterion. Subfigure “a” displays values in the range of 0 to 10,000, while Subfigure
“b” focuses on the range of 0 to 1,000.

Among the injury criteria, the HIC criterion exhibited the lowest R value, followed by the
DAMAGE criterion.

An additional analysis was performed to evaluate the ribs criterion, which employed two
different metrics for the deterministic and probabilistic approaches. The first metric assessed
the expected number of broken ribs, ranging from 0 to 24. The second metric calculated
the risk of NFR 2+, which ranged from 0 to 100 %. However, the NFR 2+ risk tends to
saturate when two or more ribs are expected to be broken, and the convergence criterion
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was based only on the expected number of broken ribs. To provide a more comprehensive
assessment, the risk of NFR 2+ was calculated for 1,400 samples using both the simulation
and metamodel outputs.

Figure 4.6 displays the risk of NFR 2+ for the evaluated samples, which clustered predomi-
nantly in two distinct regions: one with alow risk of NFR 2+ (less than 20 % risk) and another
with a high risk of NFR 2+ (above 80 % risk). These regions accounted for 62.0 % and 17.2 %
of the samples, respectively, while 20.8 % of the samples fell within a buffer zone between
these two regions. Within this buffer zone, 50 % of the samples exhibited an absolute differ-
ence of less than 6.5 % in risk compared to the actual predictions, and 75 % had a difference
of less than 15.5 %. The remaining 25 % of cases, where larger discrepancies were observed
between actual and predicted values, were primarily characterised by underpredictions.

Risk of NFR 2+

100+ R2=0.952

80

60

40

Predicted value [%]

20

Actual value [%]

Figure 4.6: Actual vs. predicted values of the risk of NFR 2+ for the 1,400 simulations used to develop
the GPR model.

4.3.3 PREDICTION OF SERIOUSLY INJURED OCCUPANTS IN A SIMULATED
POPULATION

The obtained metamodels were used to predict AIS 2+ injuries in the studied body regions
based on the impact conditions from the reference data. The HIC criterion for head skeletal
injuries was excluded as it did not meet the requirements during the convergence process.
Consequently, HFN injuries were predicted using only the DAMAGE criterion. Although
the occupant’s age was not included as an input in any metamodel, it was used in combination
with rib strains to predict the fracture risk for each rib.

Figure G.5 displays the percentage of MAIS 2+ injuries in each body region for occupants
at various sample sizes. Following the method applied in the previous chapter, a total of
25,000 samples were generated, as the change in the percentage of MAIS 2+ injuries in each
body region stabilised below 0.1 %, as shown in Figure G.6. This figure illustrates how the ra-
tio of MAIS 2+ to MAIS 0-1 predicted injured occupants evolved according to the proposed
convergence criteria.

Table 4.7 presents the ratio of MAIS 2+ injuries relative to the total number of simulations
predicted for each body region using both the deterministic and probabilistic methods. For
example, the deterministic method estimated that 3.2 % of the population would sustain an
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Table 4.6: AIS 2+ injured occupants observed in the reference data grouped based on the body region.

% relative % relative to

Body region to total body region
HFN injuries 281 2.8
Head skeletal injuries 13 0.1 4.6
Head mterr.lal organ injury 976 58 98.2
or unconsciousness
THO injuries 173 1.7
KTH injuries 70 0.7

Table 4.7: Body region and source of the MAIS 2+ injuries predicted using the deterministic and
probabilistic methods.

Body region  Deterministic method  Probabilistic method

HFN injuries® 3.2 10.8
THO injuries 19.9 25.1
KTH injuries 0.0 1.2

* Takes into account only DAMAGE criterion.
b Takes into account the left and right femurs simultaneously.

MAIS 2+ injury to the HEN body region. As noted in the previous chapter, no injuries
were predicted for the KTH region using the deterministic approach. Overall, both methods
showed a tendency to overpredict injuries compared to the reference data.

Focusing on head injuries related to internal organ damage and unconsciousness, both
methods overpredicted the injury distribution compared to the reference data. The deter-
ministic method over-predicted MAIS 2+ injuries by 1.1 times in relation to those observed
in the reference data, while the probabilistic method over-predicted the reference data by a
factor of 3.9. In the thoracic region, rib fractures were significantly overpredicted by both
methods, with overpredictions of 6.4 times and 8.1 times the reference data for the determin-
istic and probabilistic methods, respectively. Lastly, AIS 2+ injuries in the KTH region were
overpredicted by a factor of 1.7 using the probabilistic method.

Figure 4.7 compares the injury patterns observed in the reference data with those predicted
by the deterministic and probabilistic methods using the metamodel results. As shown, both
the deterministic method (middle plot) and the probabilistic method (bottom plot) overpre-
dicted the number of MAIS 2+ injuries in the HFN and THO body regions compared to the
reference data (top plot). Additionally, as observed in Chapter 3, the deterministic method
did not predict any injuries in the KTH region, which resulted in missing several injury pat-
terns present in the reference data.

Although the percentage of occupants sustaining at least one MAIS 2+ injury in the body
regions studied was higher than that observed in the previous chapter, 95.3 % of the occu-
pants in the reference data sustained only MAIS 0-1 injuries. Thus, Figure 4.8 specifically
highlights the injury patterns for those who sustained at least one MAIS 2+ injury. On the
one hand, the probabilistic method (bottom plot in both figures) consistently overpredicted
MAIS 2+ injuries across all regions but was able to capture most of the injury patterns found
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Figure 4.7: Injury patterns observed in the reference data and applying the deterministic and proba-
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Figure 4.8: Injury patterns observed in the reference data and applying the deterministic and proba-
bilistic methods, without considering cases where no AIS 2+ injury was reported for the

studied body regions.
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in the reference data. The most relevant injury partners in these cases were injuries to the
THO, HEN, and THO-HFN combined. However, their relative frequency did not match
the observed in the reference data. On the other hand, the deterministic method (middle
plot) did not predict certain injury patterns. The threshold used for the femur injuries did
not result in any AIS 2+ injuries for this region, even with the inclusion of a wider spectrum
of occupant anthropometries.

Regarding the conditions under which injuries were predicted, Figure 4.9 presents a box
plot comparing results from the reference data with predictions from the deterministic and
probabilistic methods. MAIS 0-1 and MAIS 2+ injury outcomes for the THO region were
analysed as a function of delta-v. The whiskers in the box plot represent the 5™ and 95t
percentiles for each category. As shown in the figure, 95 % of the MAIS 0-1 injured occu-
pants in the reference data experienced delta-vs below 53 km/h. For MAIS 2+ injuries in
this region, injured occupants were observed across the entire range of delta-vs, with the sth
percentile observed at 17 km/h. In the results from both the deterministic and probabilistic
methods, 95 % of the MAIS 0-1 injuries were associated with delta-v below 42 km/h. Re-
garding MAIS 2+ injury outcomes, the S™ percentile delta-v was observed at 26 km/h for
the deterministic method and 24 km/h for the probabilistic method.
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Figure 4.9: Box plot of MAIS 0-1 and MAIS 2+ thoracic injuries observed in the reference data and
applying the deterministic and probabilistic methods, as a function of the delta-v in the
collision. Whiskers in the boxplot represent the st and 95t percentile of the observed
data.

4.4 DISCUSSION
This chapter explored the proposed methodology from Chaper 3 to predict injury outcomes

using FE models. Real-world injury data and data from computer model predictions were
used to benchmark these predictions.
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4.4.1 COMPUTER MODEL

The GVI model was modified and validated as described in Appendix E, using three different
configurations of the load-limiting device to compare against crash test data. Although the
GVImodel’s response fell within the reference data corridors, it did not fully capture the vari-
ation observed in the crash test results. These corridors were established by considering the
st and 95t percentile measurements at each time point. Similar to Larsson etal. (2024) valida-
tion of the passenger side GVI model and Boyle etal. (2024) development of a parametric GVI
model, the GVI model used in this study showed a tendency to over-predict chest deflection
in the Hybrid ITT 50 percentile male model relative to the crash tests measurements.

While this approach ensured that the model’s response was aligned with the crash tests, no
correlation method was employed to quantitatively assess the similarity of the measurements.
Future validations of this model could benefit from employing correlation methods, such as
the COR A method (Gehre et al., 2009; 2011) and ISO/TS 18571 (International Organization for
Standardization, 2024), to provide a more rigorous evaluation of the model’s accuracy. These
methods enable a quantitative comparison between the model’s output and reference data.
Additionally, further exploration of specific GVI model configurations could help identify
setups that align more closely with the reference data, such as larger airbags combined with
alow load-limiting force. These configurations could be applied at higher frequencies when
conducting large-scale simulations, potentially improving the overall predictive capability of
the model.

Perez-Rapela etal. (2020) used a total of 405 morphed HBM:s to create a metamodel capable
of predicting outcomes in far-side impacts. Although this process was automated to seat the
model and fit the seat belt before running crash simulations, these pre-simulation tasks can be
as computationally demanding as the crash simulations themselves. An alternative approach
was used to reduce computational cost while maintaining similar prediction accuracy. Larsson
et al. (2024) studied how many anthropometries are necessary to generate morphed HBMs
that can represent the population’s response in crash scenarios. While their study concluded
that as few as 14 anthropometries could be used for a specific set of crash conditions, this
recommendation applies to a unique scenario. Considering potential non-linearities in crash
outcomes, Larsson et al. (2024) recommended using at least 25 male and 25 female occupants,
evenly distributed, to ensure adequate population representation.

Following this recommendation, the SHBM was morphed into 50 different anthropome-
tries to represent the population observed in the reference data. It is important to note that
this approach may be conservative, as most crashes in the reference data involved a delta-v be-
low 50 km/h (approximately 90 %), while the impact condition in Larsson et al. (2024) was set
at 50 km/h. Although the lower delta-v may lead to similar injury criteria predictions across
various occupants, including all 50 anthropometries may still be necessary to capture the non-
linearities in the model’s response. Testing the complexity of this response, while ensuring the
stability of the model, could provide valuable insights into determining the optimal number
of occupants to include. This could allow for a reduction in the number of anthropometries
used without compromising model accuracy, ultimately saving computational costs.

The morphing of the SHBM focused on height, weight, and sex variability to represent
the occupants in the reference data. However, other factors potentially relevant to injury
outcomes were not included in this process, such as material properties. While the morphing
algorithm generated a mean statistical model based on height, weight, and sex, individual
variations within the population sharing these characteristics may still significantly influence
injury outcomes.
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For instance, Larsson et al. (2022) and Larsson et al. (2023) explored the impact of local varia-
tions in the ribs on the prediction of rib fractures, highlighting factors such as rib cage shape,
rib cross-section, cortical bone thickness, and material properties. Although some variability
in these factors can be indirectly captured by height, weight, and sex, individual deviations
from the mean statistical shape were not considered. These deviations can be important for
calculating accurate injury outcomes. However, the primary focus of this study was on de-
veloping a method for such calculations, and as a result, these individual variations were not
incorporated. Future studies can expand on this work by including a wider range of anatom-
ical variations to enhance the predictive accuracy of injury outcomes.

Variations in occupant position and seatbelt routing were not considered in this study.
Corrales et al. (2024) demonstrated that factors such as rib cortical material and its constitu-
tive model are critical when predicting the response of aged occupants. Moreover, occupant
posture, including thorax curvature and ribcage morphology, was shown to influence injury
outcomes significantly. However, a fixed age of 45 years was used in this study to calculate oc-
cupant posture and limit the number of model variations. Other variations that could affect
occupant response were also not included, such as out-of-position postures (Leledakis et al.,
2021b), seat position (Leledakis et al., 2022; Ressi et al., 2022), and seatbelt routing (Leledakis
etal., 2023).

The inclusion of the aforementioned individual variations in the proposed method could
introduce potential limitations when combined with metamodels. While metamodels allow
for simulating a subset of the total cases needed to estimate injury outcomes, adding more
variables could substantially increase the dataset size required for training. Perez-Rapela et al.
(2020) tackled this challenge by reducing the number of regression variables during the train-
ing process. Alternative approaches can include clustering input variables to reduce dimen-
sionality, as suggested by Xu etal. (2015). However, individual variations might be classified as
noise or less significant factors in the training process, potentially limiting their study using
the metamodel. A possible alternative would involve estimating the model’s response to in-
dividual changes based on the results from the mean statistical anthropometry, as proposed
by Solhed (2022). This approach could balance metamodel complexity with the inclusion of
individual variability, allowing the metamodel to account for these variations without dras-
tically increasing the computational cost.

4.4.2 DEVELOPMENT OF THE METAMODEL

Regarding the performance of the metamodels, the lowest prediction errors were achieved
using the GPR method, which was consistent with the findings from the previous chapter.
When examining the risk of NFR 2+, a slightly lower R? value of 0.95 was observed com-
pared to the higher R? reported by Larsson et al. (2024) for frontal impacts during metamodel
development. This reduction in R? could be attributed to the use of a limited selection of
anthropometries to represent the entire population, as well as variations in the impact condi-
tions not included in the referenced study. However, when focusing on the expected number
of fractured ribs (NFR), as illustrated in Figure G.2, the R? value was 0.98, closely matching
the results found in the aforementioned study.

In contrast with the findings of the previous chapter, neither the GPR method nor the
other used in this study was able to reach an acceptable prediction error for the HIC crite-
rion. A review of simulations where the difference between predicted and actual HIC values
exceeded 1,000 revealed two primary characteristics that could explain these discrepancies.
Alternative scaling methods were tested to determine if they could improve the results. These

80



4.4 Discussion

included applying a log transformation to the HIC values to reduce the data’s range across
four orders of magnitude and using the injury risk function so that the regression does not try
to overfit large HIC values. However, neither method achieved the “acceptable” level of pre-
diction error. Thus, this criterion was not included in the subsequent analysis of predicted
injuries.

The first characteristic was the late or non-activation of the airbag, leading to head impacts
with the steering wheel, resulting in excessively high HIC values. The second characteristic
involved the inclusion of larger occupants (i.e., individuals taller than 180 cm) in the simula-
tion, where head contact with the roof liner occurred. This contact did not account for the
deformation of the roof liner, which may have been omitted in the original model (Iracus et
al., 2016), as the occupant in the original model was not as tall as those in these cases. The ab-
sence of this consideration of contact likely contributed to inaccuracies in the predicted HIC
values. While Larsson etal. (2024) also included tall occupants in their simulations, their focus
on front-seated passengers did not lead to any head impacts with the steering wheel, and the
positioning of the seat likely prevented contact with the roof liner. Future studies could fo-
cus on better characterising the interaction between the head and the roof liner, particularly
for taller occupants, to improve the model’s accuracy in such scenarios.

While these characteristics did not significantly impact the metamodel for the DAMAGE
criterion, the HIC criterion was highly sensitive to such scenarios. However, this sensitiv-
ity was not accurately captured by the metamodel. None of the regression methods used
in this study were able to adequately reflect the sharp peaks in the HIC criterion, exposing
limitations in the current approach when non-linearities in the model lead to large, isolated
differences in occupant response. An adaptive sampling method could have mitigated these
large errors by increasing the number of samples around problematic conditions, focusing on
simulations with similar characteristics. This approach would allow the model to better ac-
count for non-linear responses and improve the accuracy of the metamodel in regions where
significant deviations occur.

Schneideretal. (2022) developed a framework for an adaptive sampling method. This frame-
work selects new samples during the metamodel training process by identifying regions of
interest based on the prediction error of the metamodel. However, there is a possibility that
the newly defined region of interest may not fully align with the specific focus of the current
study, potentially limiting the framework’s effectiveness. In this chapter, head skeletal injuries
were observed in less than S % of the cases in the reference data, while head internal organ in-
juries or unconsciousness were present in 98 % of the cases. Given this distribution, allocating
significant computational resources to improve predictions for head skeletal injuries may not
be justifiable, especially when the focus could instead be placed on the more prevalent head
internal organ injuries and loss of consciousness. A complementary approach could involve
using a smaller, more targeted input space to study head skeletal injuries, allowing for more
efficient resource allocation.

An alternative method to improve the prediction accuracy of the metamodels could in-
volve applying a different scaling technique to the data used in the training process. Amorim
etal. (2023) demonstrated that the difference between the best and worst scaling techniques is
statistically significant in most cases. Therefore, selecting an alternative scaling method could
potentially help capture the peaks observed in the HIC criterion without compromising the
overall accuracy across the entire training dataset. However, incorporating different scaling
methods into the current methodology may significantly increase the computational cost of
the regression process. This is because each combination of scaling methods and metamodel
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hyperparameters would need to be tested, leading to a larger number of regression processes
overall.

4.4.3 PREDICTION OF INJURY OUTCOMES AND ASSESSMENT OF THE
DETERMINISTIC AND PROBABILISTIC APPROACHES

The primary change in the reference data compared to the previous chapter was the focus
on a different injury severity level. In this study, AIS 2+ injuries were calculated for the se-
lected body regions. Another significant change was the use of an advanced injury criterion,
which predicts injury outcomes for specific anatomical structures based on element strain.
These modifications led to some differences in the observed injury outcomes within the ref-
erence data. Head injuries emerged as the most frequent injury type, while the thoracic re-
gion ranked second, primarily due to the focus on rib fractures. If all thoracic injuries were
considered, this region would be the most frequently injured.

The metamodels were employed to predict injury outcomes for a population of 15,000
individuals. This population size was more than ten times greater than the number of simu-
lations used to develop the metamodel and 25 times larger than the minimum number of sim-
ulations required to achieve similar accuracy. Additionally, this population was 50 % larger
than the one used in the previous chapter. The increased population size could be attributed
to the inclusion of variations in occupant anthropometry and age, which broadened the scope
of the analysis and allowed for a more comprehensive assessment of injury outcomes across a
diverse group of individuals.

Regarding the prediction of injury outcomes using both the deterministic and probabilis-
tic approaches, neither method fully replicated the injury distribution observed in real-world
reference data. This discrepancy was evident whether injuries in a body region or injury pat-
terns were considered. Although both methods provided valuable insights, the real-world
injury patterns were not entirely captured by either approach.

The results from both the deterministic and probabilistic approaches applied to the FE
model correlated with the findings from the previous chapter, which used an MB model, de-
spite accounting for different injury severity levels and injury criteria. A prominent character-
istic of the estimations was the over-prediction of injury outcomes compared to the reference
data. Furthermore, no injuries were predicted for the KTH region, similar to the previous
chapter, even though this study included obese occupants, which previous studies have re-
ported to be at a higher risk of injuries in this area (Carter et al., 2014; Enayatollah et al., 2020;
Jakobsson et al., 2005; Joodaki et al., 2020b; Rupp et al., 2013). The absence of predicted injuries
in the KTH region resulted in missing several injury patterns observed in the reference data,
some of which were captured by the probabilistic method. A detailed discussion of the injury
outcomes for each body region is provided in the following paragraphs.

Regarding injuries in the KTH region, injuries just in the femur were included in the study.
Although other injuries could be at a higher risk compared to the femur, such as pelvis injuries
(Pipkorn et al., 2020), specific injury criteria must be developed and validated for the HBM
used in the study to predict those injuries. As mentioned above, the predictions with the
deterministic and probabilistic methods were totally different. These differences could be
attributed to three main factors or a combination of them. The first factor is the injury criteria
applied to this region. More advanced injury criteria could have been applied to this region
using strain or stress-based injury criteria, such as the developed by Schubert et al. (2021) for
the VIVA+ HBM.
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The second factor influencing the lack of predicted injuries in the KTH region is the GVI
model used in the study and how the interactions between the HBM and the knee bolster
were modelled. Ressi et al. (2024) studied the replication of real-world trends using simula-
tions with THUMS and VIVA+ HBMs seated in the GVI model. Their results showed a
lower injury risk to the lower extremities in relation to the reference data, and they identified
the penetration-based contact between the HBM knees and the knee bolster as a potential
cause. This contact allows for significant penetrations into the knee bolster surface, poten-
tially failing to capture the full interaction between the lower extremities and the vehicle.
Furthermore, the validation process in Appendix E highlighted another factor that could
contribute to this lower injury risk. None of the chosen restraint system configurations were
able to replicate the highest femur forces observed in the reference data. The largest compres-
sion forces recorded in crash tests ranged from 4 to 6 kN, depending on the restraint system
configuration used in the vehicle, whereas the simulations produced compression forces in
the range of 1 to 2.5 kN including all cases. Although these peak forces align perfectly with
the mean responses observed in the crash tests when those vehicles included a load-limiting
device, it was within the responses observed for vehicles without load-limiting devices but un-
der their mean response. It is worth noticing that the stiffnesses used in the validation process
are below the mean stiffness used in the development of the GVI model (Iracus et al., 2016).

A second set of simulations was conducted to study the effect of using a stiffer knee bolster
on the GVImodel. A stiftness of 12 kN/100 mm was applied. Although this nearly doubled
the highest value used in the initial validation process, this stiffness was 60 % of the maximum
stiffness used in the development of the GVI model (Iracus et al., 2016).

Figure 4.10 illustrates the impact of this modification on femur forces. The figure presents
three distinct corridors: the blue corridor represents the forces observed in crash tests, the
orange corridor corresponds to the response with validated stiftness values, and the green
corridor shows the results from simulations using the increased stiffness. The results showed
that the higher stiffness resulted in greater compression forces in both femurs. For vehicles
equipped with a load-limiting device (LL), the increased stiffness pushed the compression
forces toward the outer limits of the NCAP test corridor (i.e., the reference data). For vehicles
without a load-limiting device (No LL), the compression forces matched the mean response
but remained significantly below the peak compression forces of 6 kN observed in the refer-
ence crash data. To achieve these peak forces, even stifter knee bolsters would be necessary.
Therefore, when selecting knee bolster stiftness for crash simulations, it is crucial to consider
the presence of load-limiting devices.

The third factor is the deterministic and probabilistic approaches used in the study. In
the deterministic method, the injury criterion threshold applied was the same as that used in
the previous chapter to calculate higher injury severity. Adjusting this threshold to a smaller
value might predict more injurious outcomes. However, the injury risk associated with this
threshold is relatively low compared to other thresholds used in this study. For instance, a
7.56 kN compression force in the femur corresponds to a 13 % AIS 2+ injury risk (Kuppa
et al., 2001), while the 0.42 threshold for the DAMAGE criterion results in a S0 % AIS 2+
injury risk (Euro NCAP, 2023b), and a lower threshold for the femur force will result in a
larger discrepancy. Newer injury risk functions could be implemented for this criterion, such
as those proposed by Laituri et al. (2005) and Rupp et al. (2010). This disparity in risk values
between thresholds raises concerns about the robustness of the deterministic method. Since
each injury criterion may require thresholds that estimate very different injury risk.

Regarding the HFN region, the probabilistic method resulted in a larger over-prediction
of injuries compared to the deterministic method. Despite using different criteria and models
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Figure 4.10: Femur compression forces observed in the NCAP tests and the GVI model using the
simulations carried out for the validation process and simulations with extra stiffness in
the knee bolster.

in the previous chapter, both approaches consistently demonstrated a tendency for the prob-
abilistic method to overestimate injury risks more than the deterministic approach. Specifi-
cally, for the DAMAGE criterion, a threshold of 0.42 was identified, corresponding to a 50 %
injury risk for an AIS 2+ injury (Euro NCAP, 2023b). To further understand these discrepan-
cies, cases where the probabilistic method predicted moderate injury while the deterministic
method did not were reviewed. The values of the DAMAGE criterion in these instances
ranged from 0.13 to 0.419, with an associated injury risk of 2 % to 50 %.

A distinct trend emerged from the crash condition analysis: all observed cases involved
oblique far-side impacts. This suggests that the DAMAGE criterion may tend to over-predict
injuries in these specific scenarios. Although the criterion performs well in certain narrow
contexts, it could be overestimating injury outcomes in both reconstructed and real-world
crash situations as previously observed in other studies (Osth et al., 2023; Prasad et al., 2024;
Ressi et al., 2024). This over-prediction may be tied to the current validation limitations of
both the GVI and HBM models, as neither has incorporated head rotational data into their
validation processes. The absence of this critical validation component may restrict the appli-
cability of these models and injury criteria in the present study, particularly when evaluating
injury risks in oblique impacts.
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Lastly, in the THO region, a strain-based injury criterion was implemented to estimate in-
juries to specific anatomical structures, particularly the rib fracture. This criterion posed the
greatest complexity in developing the metamodel and applying the deterministic and prob-
abilistic approaches. The metamodel was designed to estimate the 24 maximum principal
strains (one for each rib) from the HBMs, as the metrics used for the deterministic and prob-
abilistic methods were different. If the same metric had been applied for both methods, a
single metamodel could have been developed to predict either the risk of NFR 2+ or the
ENFR, as was done in Larsson et al. (2024). While it would have been possible to develop two
separate metamodels to predict the risk of NFR 2+ and ENFR, it was decided to create a
more complex metamodel to avoid inconsistencies in the predictions caused by different per-
formances of the fitting process. This approach ensured consistency in the prediction process
across both methods, despite the added complexity in metamodel development.

The results for this injury criterion were the most closely aligned for both methods. This is
particularly evident in Figure 4.9, where, unlike the THO region results with the MB model,
both the deterministic and probabilistic methods predicted thoracic injuries under similar
conditions (i.e., the delta-v of the collision). This convergence suggests that, despite the com-
plexities in predicting thoracic injuries, the use of an expected outcome in the injury criterion
led to similar performances with both methods. Unlike other injury criteria, the expected
outcome for the THO criterion does not allow for modifications, as it is directly tied to the
definition of the injury outcome. While this criterion supports the use of an expected out-
come, the calculation of an estimated outcome may not be possible for other injury criteria.

The over-prediction of THO injuries using both methods was expected, as the injury cri-
terion was developed based on an earlier version of the HBM, which already exhibited a ten-
dency to over-predict injury risk (Larsson et al., 2021a) relative to the NASS CDS database.
The authors of that study attributed these discrepancies to an under-reporting of rib frac-
tures in the clinical outcomes due to limitations in the CT diagnostics used to identify such
injuries, as reported by previous studies (Crandall et al., 2000; Lederer et al., 2004; Schulze et al.,
2013).

This chapter presented an estimation of injury outcomes considering the whole popula-
tion without focusing on the differences in the injury outcomes for the specific anthropome-
tries. Previous research has shown that specific segments of the population, such as elderly,
obese, and female occupants, are at a higher risk of death and serious injuries in these body
regions (Abrams et al., 2020; 2022; Bose et al., 2011; Carter et al., 2014; Forman et al., 2019; Kahane,
2013b; Nohetal., 2022; Ranmal etal., 2024; Viano etal., 2008). However, it was outside the scope
of this study; estimations using the metamodel can be used to explore how the variations in
the restraint systems impact each one of these segments of the population.

This chapter provided an estimation of injury outcomes for the overall population without
examining variations in injury outcomes associated with specific anthropometries. Previous
research highlights that certain population segments, such as elderly, obese, and female occu-
pants, are at an elevated risk of severe injuries and fatalities in particular body regions (Abrams
etal., 2020;2022; Bose et al., 2011; Carter et al., 2014; Forman et al., 2019; Kahane, 2013b; Noh et al.,
2022; Ranmal etal., 2024; Viano etal., 2008). While this study did not focus on these subgroup-
specific outcomes, the metamodel developed here could be applied to examine how variations
in restraint systems might impact each of these vulnerable population segments.
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4S5 LIMITATIONS

Limitations concerning the reference data used for benchmarking predictions were acknowl-
edged. One key limitation was the lack of weighting applied to the sample data, which could
influence the observed frequency of injury patterns. Furthermore, limitations in how the ref-
erence data were gathered, such as potential underreporting of rib fractures, may aftect the
total number of injured occupants, leading to discrepancies between the predicted outcomes
and real-world data. Regarding the restraint system configuration, this study did not con-
sider the use of occupant classification systems (OCS) that could modify the restraint system
according to the crash conditions.

Additional limitations were associated with the computer models used to predict occu-
pant responses in the simulated crashes. As noted earlier, the validation of the GVI model
did not incorporate more advanced techniques to vary the frequency of restraint system con-
figurations. For instance, some combinations may be observed at a higher frequency, such as
low-force load-limiting devices paired with larger airbags at lower pressure and knee bolsters
with reduced stiffness, among other configurations. These variations could have a signifi-
cant impact on predicting injury outcomes from the model, as they may not be optimised to
protect the occupant. Moreover, the current validation did not fully capture the complete
range of responses observed in the reference crash tests, further limiting the model’s predic-
tive accuracy. The HBM used in this study also contributed to some of these limitations. Its
validation focused primarily on displacements and deformations, while head rotations were
less frequently considered. This omission may limit the applicability of certain injury criteria,
especially those related to rotational kinematics and head injuries. Individual variations from
the mean anthropometry, occupant positions and belt routing were also not considered to
limit the number of occupants used to obtain the metamodels.

The third limitation of the study was related to the prediction of injuries. This study fo-
cused exclusively on AIS 2+ injuries, which limited the ability to directly compare the results
with those of the previous chapter, where a higher injury severity was considered. Further-
more, the inclusion of different anthropometries was not fully accounted for in some injury
criteria. For example, the femur compression force injury function was developed based on
occupants with an average age of 63 years and a weight of 69 kg. The scaling of predicted
forces based on the changes in the anthropometry, as implemented in Hu et al. (2019), was
not explored in this study. Limitations regarding the deterministic and probabilistic meth-
ods, such as the scaling of thresholds or injury risk functions used in this study, were also not
considered.
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This final chapter concludes the work presented in this dissertation. First, it provides a dis-
cussion of the results outlined in the previous chapters, aligning them with the objectives set
in Chapter 1, and potential future research directions are proposed. Following this, the key
conclusions drawn from the dissertation are summarised.

5.1 DISCUSSION AND FUTURE RESEARCH

The overall aim of this dissertation was to develop a method for assessing the impact of re-
straint systems on injury outcomes, considering the variability of real-world crash conditions.
To achieve this, specific objectives were established to gather essential data and create two
complementary approaches to this aim. While this dissertation focuses on a subset of ob-
served real-world crashes, the methods and assessments developed can be applied to other
crash configurations. This broader application would enable a more comprehensive under-
standing of how restraint systems affect injury outcomes across various crash scenarios, offer-
ing potential insights for enhancing vehicle safety in a wide range of conditions.

The following subsections provide a detailed discussion of the methodologies employed to
achieve the specific objectives detailed in Chapter 1, along with an exploration of the potential
limitations of the results provided in each chapter.

5.1.1 OBJECTIVE 1: TO DEVELOP A METHOD FOR IDENTIFYING THE PRESENCE
AND CHARACTERISTICS OF RESTRAINT SYSTEM FEATURES

As early as 1962, Bertil Aldman stated that “... the occupant must be decelerated in an up-
right posture. This requires the use of an upper restraint in combination with the lap re-
straint”. In his work, he performed tests with different safety belt systems in which the three-
point seat belt was always more protective than any other restraint tested (Aldman, 1962). The
three-point seat belt was first incorporated in a Volvo vehicle in 1959, and shortly after, other
vehicle manufacturers started to install these restraint systems in their vehicles as well. The
introduction of pre-tensioners in the 1980s and load limiters in the mid-1990s resulted in the
seat belt systems currently present in most vehicles in high-income countries.

Even if almost all restraint systems incorporate these advanced features to optimise the
protection of occupants, pre-tensioners and force-limiters can be tuned depending on other
vehicle characteristics, such as internal vehicle dimensions, size of the airbags, structural stiff-
ness, etc., to maximise their effectiveness. Even if these devices have been shown to be very
effective in reducing the severity of injuries in computational and laboratory-based experi-
mental studies, a more robust assessment of advanced restraint systems needs to be done us-
ing real-world data (Segui-Gomez et al., 2009). Such evaluation requires knowing if advanced
restraint system features were installed in the vehicle and their configuration. To the authors’
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knowledge, this information is not available in existing real-world collision databases that are
publically available.

Modern vehicles employ multiple components to effectively restrain occupants during
collisions. This objective focused on identifying the pre-tensioning and load-limiting fea-
tures implemented in seat belt systems, based on force-time history measurements from crash
tests. Using these measurements, an automatic algorithm was developed to identify simpli-
fied characteristics to describe the behaviour of the pre-tensioning and load-limiting devices,
such as the force applied by the pre-tensioning device, its activation time, and the force used
by the load-limiting mechanism. While this approach does not fully capture the complexity
of these devices, the selected characteristics are widely used in the literature for their descrip-
tion. The method resulted in an excellent performance in identifying the pre-tensioning and
load-limiting features (F1-scores equal to 0.95 and 0.90, respectively), and their characteris-
tics, although some limitations were observed, such as limited performance with dual-stage
load-limiting devices (F1-score equal to 0.77).

The approach developed to identify restraint system configurations was constrained by the
available data. Other components that play a critical role in effectively restraining the occu-
pant (such as the airbag, seat, and knee bolster) could not be directly characterised based on
current crash test measurements. Recorded videos from crash tests can be used to identify
the presence of different airbags, their locations, and activation times and estimate their sizes
using their relative ratio to the Anthropomorphic Test Device (ATD). However, these char-
acteristics are insufficient to fully describe these complex devices or to develop a simplified
model. Therefore, detailed reconstructions of crash tests could be employed as a tool to indi-
rectly estimate the configurations of these devices, providing valuable information for future
studies. For this task, a method similar to that employed by Iracus et al. (2016) to develop the
generic vehicle interior model could be followed but applied to unique vehicles.

The characteristics of the restraint system were identified under a specific set of controlled
conditions, including a unique combination of delta-v, PDOF, and occupant type. This
specificity may influence how the restraint system behaves under varying impact conditions
or with different occupants.

Future studies could extend the methodologies developed in this dissertation to analyse the
restraint system characteristics in a broader range of crash tests, such as side impact crash tests
under the NCAP program and other crash test configurations conducted by the Insurance
Institute for Highway Safety and the Highway Loss Data Institute (IIHS-HLDI). By identi-
tying these features on a per-vehicle basis, it may be possible to detect shifts in the restraint sys-
tem characteristics when crash conditions or occupant types differ from those studied in this
dissertation. However, the identification algorithm’s parameters may require adjustments to
suit new crash scenarios. For instance, a lower delta-vs could shorten the plateau in the force-
time history measurement, or in some cases, no force-limiting might be applied, making the
identification of this feature more challenging.

Shifts in the identified restraint system characteristic may result from the implementa-
tion of occupant classification systems (OCS), which utilise additional sensors to modify the
restraint system’s behaviour based on the occupant’s specific attributes. While a complete
characterisation may not be extrapolated from their behaviour in crash tests, including more
crash tests and occupant anthropometries could offer a partial understanding of the OCS’s
influence on restraint system performance. This approach could be particularly relevant for
analysing the impact of OCS using real-world crash databases, which may include modern ve-
hicles equipped with such systems, by augmenting these databases with the expected restraint
system characteristics for given impact conditions.
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5.1.2 OBJECTIVE 2: TO ASSESS THE EFFECT OF RESTRAINT SYSTEMS ON INJURY
RISK USING REAL-WORLD CRASH DATA

Understanding the contribution of various safety features in preventing injuries and fatalities
is essential for advancing vehicle safety. Numerous studies have demonstrated the significant
benefits of advanced restraint systems in controlled laboratory settings and computational
models (Forman et al., 2009; 2008; Kent et al., 2001; 2007; Michaelson et al., 2008; Walz, 2004).
However, the actual effectiveness of these systems can only be estimated when they are as-
sessed using real-world injury data (Segui-Gomez et al., 2009). Recent research has increasingly
shown that newer vehicles are associated with a lower risk of injury (Forman etal., 2019; Klinich
etal, 2016; Ryb et al., 2011; Thomas, 2013). Early field studies suggested that features such as
load limiters may have been eftective in preventing severe thoracic trauma in certain real-world
crash scenarios (Foret-Bruno et al., 1978). However, to the best of our knowledge, this study
represents the first to use a large sample of real-world data to assess the impact of incorporat-
ing advanced restraint system features on the likelihood of injuries.

The NASS CDS (National Automotive Sampling System Crashworthiness Data System)
database was augmented by using the vehicle identification number (VIN) from the vehicles
involved in crashes to retrieve detailed information on the restraint system features. NASS
CDS, which began in the late 1970s and concluded in 2015, provides a comprehensive dataset
that includes vehicles both with and without the identified advanced restraint system fea-
tures. In 2015, the Crash Investigation Sampling System (CISS) replaced NASS CDS. It
provides, as it is currently actively including more cases, an improved database that better re-
flects the current vehicle population, incorporating newer models and more detailed injury
coding. CISS also enhanced sampling methods to more accurately represent real-world crash
scenarios. Future studies could explore the impact of advanced restraint systems by leveraging
the CISS database or by combining data from both crash databases. However, the presence of
more modern vehicles in the CISS data presents certain challenges, particularly due to the in-
clusion of OCS, which may affect the comparability of injury outcomes and restraint system
performance across different crash conditions.

A multivariate logistic regression model was employed to evaluate the impact of restraint
systems on AIS 2+, AIS 3+, and fatal injuries. During this analysis, the two variables repre-
senting the presence of pre-tensioning devices (whether pre-tensioning was observed at the
shoulder or lap belt sections) were not found to be statistically significant in predicting the
likelihood of injuries across most models. This lack of significance is likely attributed to the
strong correlation between the presence of pre-tensioning and load-limiting devices in mod-
ern vehicles, potentially masking the individual effect of pre-tensioners on injury outcomes.
Despite this, the variable related to load-limiting features was retained in the regression mod-
els, as it plays a critical role in mitigating injury by controlling the force exerted on occupants
during a crash. Future analyses should consider not only the presence of pre-tensioning de-
vices but also the specific level of pre-tensioning force applied to the occupant. This addi-
tional factor could offer further insights into the role these devices play in reducing injuries,
providing a more nuanced understanding of how pre-tensioners interact with load-limiters
to influence injury outcomes.

The analysis of fatal injuries revealed that the presence of a load-limiting device in the re-
straint system, regardless of the specific load-limiting force, significantly reduced the risk of
death. This finding supports previous research by Kahane (2013a), 2015 based on data from
the fatality analysis reporting system (FARS), reinforcing the effectiveness of load-limiting de-
vices in reducing fatalities. Additionally, it was observed that devices with lower load-limiting
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forces were associated with a reduced risk of AIS 3+ injuries across the entire body in frontal
impacts. Furthermore, any level of load-limiting force was found to significantly reduce the
risk of AIS 2+ injuries when combined with the delta-v. This suggests that load-limiting
devices may have different effects depending on the delta-v. It is also important to note that
advanced restraint systems are likely optimised for the impact conditions used in NCAP tests,
which are conducted at 35 mph (56 km/h). In contrast, the average delta-v in the NASS CDS
sample used for this study was substantially lower, at 23.3 £12.9km/h, with around 90 % of
crashes observed at delta-vs below 50 km/h. Consequently, it is plausible that the impact of
advanced restraint systems might be more pronounced in high-speed collisions.

Airbag deployment was found as another restraint system feature with a significant im-
pact, particularly when considered alongside delta-v. The airbag deployment, when consid-
ered alone, was found to significantly increase the risk of AIS 2+ and AIS 3+ injuries for the
whole body and specific body regions. This initial finding suggests that airbags, while de-
signed to mitigate injury, may introduce additional risks under certain conditions. However,
when an interaction term between airbag deployment and delta-v was included in the mod-
els, statistically significant results were observed for all injury outcomes (AIS 2+, AIS 3+, and
fatal injuries). This finding suggests that the influence of airbag deployment on injury risk
is highly dependent on crash severity, as represented by delta-v. The odds ratios (OR) de-
rived from the logistic regression analysis indicated that at delta-vs exceeding 31 km/h, airbag
deployment had a positive effect in reducing injury risk for the thoracic region.

As mentioned above, newer vehicles have been found to be associated with a reduced risk
of injury. For example, Forman et al. (2019) found that vehicles manufactured in 2009 and
later were linked to a lower likelihood of AIS 2+ and AIS 3+ injuries compared to older mod-
els. However, despite the advancements in modern restraint systems, their analysis did not
find significant reductions in AIS 3+ rib fractures. This aligns with the findings from the
current study, where vehicle model year did not emerge as a significant factor when variables
related to pre-tensioning and load-limiting devices were included in the multivariate models.
Additionally, the model year produced high Variance Inflation Factor (VIF) scores during
collinearity checks, indicating a strong correlation with the presence of advanced restraint
systems.

One possible explanation for the findings could be the influence of other variables, such
as occupant characteristics, which may outweigh the impact of restraint systems on injury
risk. For instance, the increased vulnerability of older occupants might outweigh the protec-
tive benefits offered by advanced restraint systems in certain cases. The true effectiveness of
these restraint systems in real-world crashes remains an important area for further investiga-
tion, as understanding the gap between their proven laboratory performance and real-world
outcomes is essential for enhancing vehicle safety across diverse occupant populations. The
computer modelling methods developed in Chapter 3 and 4 explore a complementing tool
for assessing the impact of these features, enabling a more nuanced analysis of how restraint
systems perform under varying real-world conditions.

5.1.3 OBJECTIVE 3: TO ASSESS THE EFFECT OF RESTRAINT SYSTEMS ON
PREDICTED INJURY OUTCOMES BASED ON COMPUTER MODELLING
INCORPORATING REAL-WORLD CRASH CONDITIONS

As mentioned in the previous section, relying solely on observations from real-world crashes
presents limitations. These limitations include a potential lack of statistical significance, re-
sulting from factors such as small sample sizes or correlation effects between the variables
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under study. To overcome these challenges, a method was developed using computer mod-
els to assess the impact of restraint system characteristics on injury outcomes through the
generation of an ad-hoc population of crashes, allowing for a more controlled and effective
assessment.

Chapters 3 and 4 focused on developing this method using two modelling techniques and
two approaches to estimate injury outcomes: deterministic and probabilistic. While both ap-
proaches provided valuable insights, neither approach fully captured the injury distribution
observed in real-world reference data.

The developed method employed a metamodelling approach using surrogate models to
predict the outcomes of multibody (MB) and finite element (FE) simulations, thereby signifi-
cantly reducing computational costs. This approach considerably decreased the time invested
to perform the simulations, saving weeks to months in obtaining injury outcomes. Estimated
savings calculated with the computational resources available during the study were approx-
imately five months for the MB simulations and one year for the FE simulations. Although
the computational resources used to perform the simulations for both models were difterent,
the calculated computational cost using a single CPU per simulation was 125 times larger
using the FE model than for the MB model.

Among the tested metamodels, Gaussian Process Regression (GPR) achieved the lowest
prediction errors for most of the studied injury criteria. However, the metamodelling ap-
proach had limitations in accurately capturing the sharp peaks in the HIC, particularly when
nonlinearities in the model led to large, isolated variations in occupant response.

Although the proposed method used these metamodels as a black box to minimise compu-
tational costs, the LASSO regression method can enable the understanding of the relation-
ships between different inputs and outputs of the resulting function using the coefficients cal-
culated by the method. However, this method is limited to representing linear and quadratic
interactions between inputs. Alternative approaches could be explored to better capture the
nonlinear relationships in the simulation model outcomes. These approaches can be based
on understanding already trained neural network models, such as analysing the sensitivity of
the different inputs (Pizarroso et al., 2022) or training a new set of explainable artificial intel-
ligence (XAI) models (Angelov et al., 2021). Exploring such methods, though valuable, was
beyond the scope of the current study.

The MB and FE models implemented in the study incorporated different levels of variabil-
ity to estimate injury outcomes in real-world crashes. The injury criteria used to estimate the
outcomes of both models differed, as these criteria had to be chosen based on the selected hu-
man body models (HBMs). The MB model included variability in impact conditions (such
as delta-v and PDOF) and in restraint system characteristics (such as pre-tensioning and load-
limiting characteristics). In contrast, the FE model also enabled the variability in occupant an-
thropometry and the inclusion of injury criteria that accounted for the occupant’s age in the
calculations. A mean statistical anthropometric model was used to morph the FE HBM and
represent the variations of the occupants observed in the reference data, considering weight
and height and based on Larsson et al. (2019). However, individual variations from this mean
anthropometric model were not included.

Although not originally within the scope of this study, the restraint system characteristics
identified in Chapter 2 were used to compare the responses of the FE Generic Vehicle Inte-
rior (GVI) model with crash tests that incorporated variations in restraint system features.
The comparison revealed that the Anthropomorphic Test Device (ATD) model consistently
over-predicted chest deflection, regardless of the restraint system configuration. This overes-
timation had been reported in previous studies as well (Boyle et al., 2024; Larsson et al., 2024),
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even when different ATD models were utilised. These over-predictions may be attributed
to different factors, such as the use of a combination of restraint system characteristics that
were not optimised for the vehicle, a different ATD position relative to the vehicle interior,
different belt routing, and different positions of the elements in the vehicle interior.

In addition to chest deflection, differences were observed in femur compression forces
when benchmarking the model against reference data, particularly between vehicles with and
without load-limiting features. These difterences could be the result of modifications in knee
bolster stiffness, restaining of the pelvis, and knee intrusion throughout the years, as lower
femur forces were observed in those vehicles with load-limiting features. To further enhance
the current GVI model, it would be valuable to expand the validation of the parametric GVI
model developed by Boyle et al. (2024) by incorporating a larger number of reference crash
tests. This would help to improve the model’s correlation. Moreover, investigating which
combinations of restraint system characteristics (such as knee bolster stiffness and airbag size)
best correlate with specific features, like load-limiting devices in the reference vehicles, could
provide further insights into optimising vehicle safety systems.

Regarding the prediction of injury outcomes, neither the deterministic nor the proba-
bilistic approach fully captured the injury distribution reflected in real-world reference data.
However, even if these methods may not provide a precise estimate of the total number of
injuries under varying crash conditions, they may still offer insights into how different fac-
tors impact injury outcomes. Specifically, they can help understand how changes in crash
conditions and restraint systems may influence injury outcomes and potentially guide im-
provements in injury reduction strategies. A detailed discussion of the findings from both
methods is provided below, offering a comparative analysis of their performance and contri-
butions to injury prediction models.

The deterministic approach, being the simplest method proposed for estimating injury
outcomes, relied on setting a threshold value. If the metamodel predicted a value exceed-
ing this threshold, an injurious outcome was estimated. Despite its simplicity, this approach
introduced several limitations. One of the key issues was the sensitivity of the results to the
chosen threshold. While the threshold could be adjusted based on the AIS severity of the pre-
dicted injury, in this study, the threshold values were derived from the lower limits set by the
Euro NCAP assessment protocol Euro NCAP (2023a). These thresholds, along with those of
similar magnitude, are frequently utilised in both governmental and non-governmental crash
tests to assess occupant protection in regulatory and consumer rating programmes. However,
the injury risks linked to these thresholds varied substantially across different injury risk func-
tions, even for the same injury severity levels. For instance, the threshold for femur injuries
resulted in a 7% to 13% injury risk for AIS 3+ and AIS 2+, respectively. Notably, no injurious
outcomes were predicted in this case, even when overweighted occupants were considered
with the FE model. In contrast, for head internal injuries and unconsciousness, the injury
risk ranged from 50% to 65% for AIS 3+ and AIS 2+, respectively. However, an overestima-
tion of the number of injurious outcomes was observed in this category. This highlights the
difficulty of applying a deterministic approach to estimate injury outcomes and the potential
lack of robustness when defining the thresholds. Other alternatives to define the threshold
values may result in similar outcomes, such as defining a threshold based on an injury risk
(e.g., S %, 25 % and 50 %), due to this lack of robustness.

The probabilistic method, though more complex, provided more injury patterns that were
not captured by the deterministic approach. For example, those injury patterns that included
a femur injury were captured by both the MB and FE models, as injuries in this body region
were predicted by applying this method. Additionally, the probabilistic method offers the
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flexibility to be fine-tuned by adjusting the injury risk functions, as suggested by Forman etal.
(2022) and Hu et al. (2015). However, while these adjustments can improve the model’s pre-
dictive capabilities, they may also mask some inherent limitations in the model’s accuracy.
Fine-tuning might lead to a better fit to specific datasets but could potentially obscure un-
derlying issues, such as model oversimplifications or gaps in the representation of real-world
injury mechanisms. Therefore, caution is needed when interpreting results from such adjust-
ments, as they may be affected by limitations in the model.

It should be noted that both MB and FE models failed to predict correctly the real-world
injury outcomes. The vehicle interior model plays a critical role in influencing these out-
comes. For femur injury predictions, as previously mentioned, adjustments to the knee bol-
ster stiffness may be necessary to improve correlation with real-world data. The current stift-
ness settings may not accurately reflect the conditions that lead to femur injuries, suggesting
the need for further refinement. When it comes to head injuries, the injury criteria relied on
head angular velocities, a parameter not typically incorporated into the validation processes
of either HBMs or vehicle models. This reliance on angular velocity presents a challenge,
as current validation efforts, particularly those involving vehicle interiors, are limited by the
availability of suitable data. Most validation tests have been conducted using the Hybrid III
50 percentile male dummy, which generally lacks an angular velocity sensor.

Thoracic injuries were the most frequently observed injuries in the study. Two difterent
injury criteria were applied to the HBMs, each with varying levels of complexity. The MB
HBM, using chest deflection as an injury criterion, applied a deterministic approach that
resulted in a narrow set of conditions for predicting injurious or non-injurious outcomes.
Specifically, this method predicted that almost all occupants would be injured if the delta-v
exceeded 39 km/h, while nearly none would be injured if the velocity was below 36 km/h.
This sharp threshold does not reflect the broader range where injuries are observed in real-
world crash conditions. In contrast, the probabilistic approach applied to the MB model
produced a more realistic range of outcomes, closely matching real-world observations where
both injured and non-injured occupants were found across a wider spectrum of crash condi-
tions.

When focusing on thoracic injuries for the FE HBM, both the deterministic and prob-
abilistic approaches yielded similar results. In this case, a strain-based injury criterion was
applied, and the deterministic approach used an expected outcome that aligned with the in-
jury definitions employed in the study. Although the deterministic and probabilistic methods
tended to over-predict the number of injured occupants, the inclusion of a broader set of vari-
ations using the FE model allowed both methods to capture a wide range of conditions where
both injured and non-injured occupants were observed. This broader range of outcomes is
particularly valuable, as it enables a more detailed examination of which variables contribute
most significantly to these injury outcomes.

Finally, and as the overall aim of this dissertation was to develop a method for assessing
the impact of restraint systems on injury outcomes, the ad-hoc population of crashes gener-
ated using modelling was used to assess the effect of load-limiting devices on injury outcomes.
Both the reference (real-world) data and the population of crashes generated via modelling
were analysed to determine whether the load-limiting force applied to the occupant had a
statistically significant impact on injury outcomes, or if variations in force levels did not sig-
nificantly influence these outcomes. An unequal variance t-test was conducted to compare
injured and non-injured occupants in both the reference data and the model’s estimations,
focusing specifically on the load-limiting forces applied to the occupant.
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Given the significant interaction between the load-limiter feature and delta-v in the mul-
tivariate logistic regression analysis from Chapter 2, two difterent delta-v ranges were estab-
lished to assess the impact of the load-limiting feature. In addition to delta-v, several other
crash conditions were analysed as follows:

* Cases with a delta-v range:
— 20 to 30 km/h
— 45t055km/h
* Cases with a PDOF from -10¢ to 102
* Cases in which the airbag was deployed
¢ Cases with a load-limiting device of a single-stage

Figure 5.1 shows the results observed for the reference data and the MB model applying
both the deterministic and probabilistic methods with regard to THO AIS 3+ injuries. Sub-
figure 5.1b and 5.1a display the results for the 20 to 30 km/h and 45 to 55 km/h delta-v
ranges, respectively. In the analysis, five levels of statistical significance were employed: “ns”
indicating not significant; “#” representing marginally significant; “*” indicating p < 0.05; “”
representing p < 0.01; and “” indicating p < 0.001. When the evaluation was not possible
due to a lack of data, this was represented with a hyphen (“-”). These significance levels were
used to evaluate the impact of the load-limiting forces on injury outcomes across the different
crash conditions.

This analysis revealed no significant variations in injury outcomes within the 20 to 30
km/h delta-v range. As previously noted, the deterministic method did not predict any in-
juries in this range. While the probabilistic method estimated some injuries, there was no sig-
nificant difference between injured and non-injured occupants based on varying load-limiting
forces. Similarly, no significant difference was observed in the reference data, although AIS 3+
injuries were primarily observed with higher load-limiting forces. However, when focusing
on the 45 to 55 km/h delta-v range, significant differences were observed in the estimations
only from the deterministic and probabilistic methods. In this higher delta-v range, lower
load-limiting forces were significantly associated with a lower number of estimated injuries.

Figure 5.2 shows the results observed for the reference data and the FE model applying
both the deterministic and probabilistic methods with regard to the number of fractured
ribs (NFR). Subfigure 5.2b and 5.2a display the results for the 20 to 30 km/h and 45 to 55
km/h delta-v ranges, respectively. The same statistical significance levels applied in Figure 5.1
were used.

Focusing on NFR 2+, both the observations from the reference data and the estimations
from the computer model showed significant results, with lower load-limiting forces leading
to a reduced risk of NFR 2+ injuries. In the reference data, this relationship was marginally
significant (p-value=0.056), which may related to the size of the filtered dataset (1060 non-
injurious vs ten injurious outcomes). Similar to the findings for THO AIS 3+ injuries, NFR
2+ injuries were more frequently associated with larger load-limiting forces in the reference
data. However, this marginal significance in the reference data was not observed in the higher
delta-v range. In contrast, the computer model estimations demonstrated significant differ-
ences across both delta-v ranges, although the degree of significance varied depending on
the approach (deterministic or probabilistic) used. The observed trend of decreasing load-
limiting forces applied by vehicle manufacturers, as observed in Chapter 2, may be connected
to these findings.

The comparison between the two models (MB and FE) and the reference data was par-
tially limited due to differences in the selection of injuries used in the analysis. However,
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Figure 5.1: Load-limiting force significant analysis observed for the reference data and the MB model
applying both the deterministic and probabilistic methods with regard to THO AIS 3+
injuries. Statistical significance were employed: “ns” indicating not significant; “#” repre-

senting marginally significant; “*” indicating p < 0.05; “**” representing p < 0.01; and “**”
indicating p < 0.001.
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Figure 5.2: Load-limiting force significant analysis observed for the reference data and the FE model
applying both the deterministic and probabilistic methods with regard to NFR 2+ in-
juries. Statistical significance were employed: “ns” indicating not significant; “#” repre-

senting marginally significant; “*” indicating p < 0.05; “**” representing p < 0.01; and “**”
indicating p < 0.001.
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several important trends were observed from these results. Although the MB model focused
on higher severity injuries (AIS 3+ vs. NFR 2+), it did not capture significant effects when
modifying the load-limiting force at lower delta-v. Significant effects were only detected at
higher delta-vs, which fall in a similar range to those used in current crash tests. This may
be attributed to the MB HBM being validated mainly at those higher delta-vs, leading to a
narrower sensitivity to changes in load-limiting force at lower delta-vs. In contrast, the use of
an FE HBM provided more detailed insights into the impact of load-limiting force. Signif-
icant effects were observed across both low and high delta-vs, suggesting that the FE model
has improved capabilities to capture the variability of injury outcomes and the influence of
load-limiting features across a broader spectrum of crash conditions. This highlights the po-
tential of the FE HBM for evaluating restraint system effectiveness. The FE HBM analysis
was not limited to the SO™ percentile male but included a broader range of occupant anthro-
pometries, further enhancing its potential for evaluating restraint system effectiveness in real-
world conditions. Furthermore, the results from the FE model included elderly occupants,
who have been observed to be at a larger risk than younger occupants. Future studies could
focus on specific subsets of occupants to study whether the effects of varying load-limiting
forces are consistent across the entire population or if distinct trends emerge for different de-
mographic groups, which could be applied to develop new adaptative restraint systems that
include occupant variability.

The accuracy of the developed method’s predictions could be enhanced through the con-
tinued refinement of injury criteria. As previously noted, nearly 90 % of crashes in the dataset
occurred at delta-vs below 50 km/h, with approximately 60 % involving delta-vs under 30
km/h. The lack of validation of these model predictions, particularly at these lower veloci-
ties, can lead to unrealistic outcomes, including both over- and under-estimations of injury
severity, such as in the case of chest compression using the MB HBM. Refining injury risk
predictions for HBMs at these lower speeds, as recommended by Ostling et al. (2024), could
result in more accurate estimates of the injuries that may be prevented by specific restraint
system configurations. Currently, the method tends to overestimate injury outcomes, which
would benefit from improved injury risk estimations, particularly in lower-speed collisions.

While this study focused on the effects of restraint systems on injury outcomes in crashes,
occupant safety may also be influenced by other safety features, such as automatic emergency
braking systems (AEBS). Future research could examine how restraint system effectiveness
varies across different pre-crash scenarios, as those explored by Leledakis et al. (2021a). Given
that pre-crash phases may alter occupant position, changes in the occupant position should
be included as this may affect the HBM response (Ostmann et al., 2016).

The metamodel development with the FE computer model utilised a predefined set of oc-
cupant anthropometries, following the recommendations by Larsson et al. (2024). This study
investigated the number of anthropometries required to represent a population crash out-
come. Future research could study similar methods to determine the number of crash con-
figurations needed to represent a crash population, potentially bypassing the need for a meta-
model, and enabling alternative restraint systems to be compared with the existing metamodel
with lower compuational cost. Furthermore, this reduced number of crash conditions may
help to define relevant crash scenarios to be used in virtual testing as consumer rating pro-
grams start to implement this complementary assessment to physical crash tests (Klug et al.,
2023).
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5.2 CONCLUSION

The aim of this PhD dissertation was to develop a method for assessing the impact of restraint
systems on injury outcomes considering the variability of real-world crash conditions. By
leveraging real-world data and advanced computer models, the research sought to enhance
the development of restraint systems, ultimately reducing the incidence and severity of traffic-
related injuries.

Three objectives were set to fulfil the aim of this dissertation: identifying the presence and
characteristics of the restraint system features, combining real-world crash data with the re-
straint system information to estimate their impact on injury risk, and combining a vehicle
interior sled model, a human model and real-world crash conditions to assess the impact of
restraint systems on predicted injury outcomes. The combination of real-world crash data
and estimations based on computer models aimed to address the limitations inherent in crash
databases and provide a more comprehensive understanding of how restraint systems influ-
ence injury outcomes, ultimately contributing to improved safety measures.

This dissertation makes several important contributions to the field of automotive safety.
First, itintroduces a novel tool that identifies the presence and characteristics of pre-tensioner
and load-limiting devices in vehicle restraint systems using force-time history measurements.
The results of applying this tool to 1,318 vehicles were made publicly available via a GitHub
repository, allowing the research community to validate vehicle models and integrate this
data with crash test databases. Second, to the best of the author’s knowledge, this is the first
study to augment NASS CDS crash data with detailed information about pre-tensioners and
load limiters, enabling a more in-depth investigation into their impact on injury risk. Lastly,
a computer modelling-based method was developed to estimate the impact of restraint sys-
tems on injury outcomes. Two approaches within this method were benchmarked against
real-world crashes using both multibody (MB) and finite element (FE) models, providing a
framework for evaluating the effectiveness of restraint systems under real-world crash condi-
tions. The method’s ability to generate ad-hoc populations of crashes offers valuable insights
into how restraint systems perform across diverse crash scenarios. The findings from this re-
search not only identify specific restraint system features associated with reduced injury risk
but also provide practical guidance for the design of future vehicle safety systems.

This dissertation has provided valuable insights into the assessment of vehicle restraint sys-
tems. The following points highlight the major findings, acknowledge the study’s limitations,
and suggest areas for future exploration:

Objective 1: To develop a method for identifying the presence and characteristics of
restraint system features.

* Developed a novel tool to identify pre-tensioning and load-limiting features in
vehicle restraint systems using force-time history measurements.

* Identified and shared detailed restraint system features and configurations for
1,318 vehicles via a GitHub repository, enabling community access for validation
and integration with crash test databases.

* Performance evaluation of the tool in identifying the presence of pre-tensioner
and load-limiting devices:

— Pre-tensioning devices: Excellent performance (F1 score: 0.95).
— Single-stage load-limiting devices: High accuracy (F1 score: 0.90).
— Dual-stage load-limiting devices: Moderate performance (F1 score: 0.77).
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* Historical trends over the past 40 years in the adoption and characteristics of

restraint systems:

— Adoption of advanced restraint systems increased alongside the introduc-
tion of more comprehensive crash tests and user-friendly crash safety rat-
ings.

— Pre-tensioning and load-limiting devices were widely adopted starting in
the mid-1990s, with most vehicles incorporating these technologies by 2005.

— Average pre-tensioner forces were measured at 2 kN for shoulder belts and
2.5 kN for lap belts.

— Opver the past two decades, the average load-limiting forces have progres-
sively decreased to around 3 kN for front-seated passengers and 4 kN for
drivers.

— Load-limiting forces for front-seat passengers began to difter from those ap-
plied to the driver with the introduction of the Hybrid IIT 5™ percentile
female ATD as the passenger surrogate after 2010.

* Future studies could study the behaviour of the identified restraint systems un-

der different crash test conditions, as they were studied in a specific scenario, and
interactions with occupants may vary.

Objective 2: To assess the effect of restraint systems on injury risk using real-world
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crash data.

* This study is the first to augment NASS CDS crash data with detailed vehicle

information about pre-tensioners and load limiters to investigate their impact
on injury risk.

Multivariate logistic regression models were developed to assess the real-world
impact of advanced seat belt systems on moderate, severe, and fatal injuries, both
for the whole body and specific body regions.

Significant associations between restraint system features and injury outcomes
identified in this dataset include:

— The presence of pre-tensioning and load-limiting devices was significantly
associated with a reduction in fatal injuries, consistent with previous stud-
ies. The reduction changed depending on the force level of the load limiter
(OR = 0.31 for low-force, OR = 0.42 for high-force devices).

— Low-force load limiters (<4.5 kN) were associated with a reduced risk of
AIS 3+ whole-body injuries (OR = 0.70).

— The presence of load-limiting devices was linked to lower AIS 2+ injury
risks in the whole body in high delta-v crashes.

— No significant associations were found between injury risk in specific body
regions and the presence of pre-tensioning and load-limiting devices within
this dataset.

— Airbag deployment at higher crash velocities was significantly associated
with a reduction in AIS 2+ and AIS 3+ injuries, both across the whole body
and in specific regions.

This study highlights the need for continuing the investigation of the real-world
effectiveness of advanced seat belt systems, being able to increase the sample size.
This study suggested that some non-seatbelt factors, such as age and impact di-
rection, may be key to assessing the injury outcome in real-world conditions.



5.2 Conclusion

* Future research could leverage other existing databases to examine the effects of
restraint systems on injury outcomes. Considerations should be taken to min-
imise the impact of OCS, which may be more present in modern vehicles.

Objective 3: To assess the effect of restraint systems on predicted injury outcomes
based on computer modelling incorporating real-world crash conditions.

* A computer modelling-based method was developed to estimate injury outcomes
by accounting for variability in real-world crash conditions, and it was used to es-
timate the impact of different restraint system configurations.

* Simulations and metamodelling approach:

— Atotal 0f 1,200 MB and 1,400 FE simulations were performed to generate
metamodels, incorporating variations in impact conditions, restraint sys-
tems, and occupant characteristics.

— The metamodelling approach significantly reduced computational costs by
estimating the model outcome instead of running a simulation. Gaussian
Process Regression (GPR) showed the lowest prediction errors for most
injury criteria, although all regression methods struggled to capture sharp
nonlinear variations, particularly with the HIC criterion.

* The modified FE Generic Vehicle Interior (GVI) model was validated against
crash test data, including specific configurations of load-limiting devices. The
validation revealed an overestimation of chest deflection in the ATD model and
discrepancies in femur compression forces, particularly for certain combinations
of load-limiting characteristics. These discrepancies were linked to the charac-
terisation of the knee bolster, indicating the need for further refinement of the
model. Future validation efforts should incorporate more precise restraint sys-
tem characteristics, when available, to improve model accuracy and predictive
capabilities.

* Regarding the application of the deterministic and probabilistic approaches for
estimating injury outcomes, the main conclusions from this dissertation are as
follows:

— Neither the deterministic nor probabilistic approaches fully captured real-
world injury distributions. However, both provided valuable insights into
how changes in crash conditions can influence injury outcomes, aiding the
development of injury reduction strategies.

— The deterministic method, while simple, introduced challenges due to its
reliance on threshold values. This was especially observed in its sensitivity
to the selection of these thresholds.

— The probabilistic approach offered greater flexibility, successfully identify-
ing injury patterns missed by the deterministic method. However, fine-
tuning the model to improve predictions by scaling injury risk functions
may risk overfitting specific datasets and hiding underlying limitations.

— The deterministic method may produce unrealistic predictions (e.g., pre-
dicting nearly all occupants would be injured above 39 km/h using the MB
model). In contrast, the probabilistic method more accurately reflected
real-world thoracic injury risks across a wider range of crash conditions.

— Both deterministic and probabilistic approaches provided similar predic-
tions when using an expected outcome as the injury criterion for the deter-
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ministic method (e.g., the number of broken ribs). However, this approach
may not be applicable to predicting injuries in other anatomical structures.
— Significant differences in injury outcomes were observed between the MB
and FE models. The morphed FE HBM showed greater potential in cap-
turing the impact of restraint systems on injury outcomes, especially across
varied crash conditions.
Lower load-limiting forces were associated with a significant reduction in injury
risk for rib fractures at small and large delta-vs according to the estimations of
the developed method.
Significant findings on the effects of load-limiting forces across different crash
velocities underscore the importance of fine-tuning these systems. Future re-
search should explore the impact of varying load-limiting forces on different de-
mographic groups to support the development of adaptive restraint systems tai-
lored to occupant variability.
The proposed method demonstrated the ability to estimate the impact of changes
in restraint system configurations on injury outcomes. While the analysis of sig-
nificant differences is valid, the precise prediction of the number of injuries that
could be avoided per 1,000 crashes is not yet feasible.
Improvements in injury criteria predictions, especially at low-severity crashes,
may result in more accurate estimations of the number of avoided injuries.

This dissertation focused on a critical aspect of improving public health by reducing traffic-

related injuries and fatalities. Specifically, it developed a tool to assess the effectiveness of vehi-

cle restraint systems in mitigating injury outcomes, accounting for the variability present in

real-world crash scenarios. These restraint systems, integral to passive safety mechanisms, are

designed to protect occupants during collisions by minimising the occurrence or the severity

of injury once the crash is inevitable. However, from a broader perspective, addressing the

safety of vulnerable road users and non-car occupants is also a priority worldwide. Advanced

computational methods such as the ones implemented in this dissertation could be used to

provide insight into how to improve the protection of these other road users.
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B SEATBELT MANUAL IDENTIFICATION
PRECEDURE AND TESTING

B.1 GUIDELINE TO IDENTIFY THE PRE-TENSIONER
CONFIGURATION

Some force-time history curves were used to exemplify how to identify the pre-tensioner
configuration. The following figure shows two force-time history curves, one with a pre-
tensioning device and the other without.

10

—— Case without pre-tensioning device
—— Case with pre-tensioning device

Force (kN)

0 25 50 75 100 125 150
time (ms)

Figure B.1: Force-time history curves for two crash tests. The tension force was measured at the shoul-
der belt of the driver’s belt. A CFC 180 was applied to both signals.

Two possible scenarios can be observed in Figure B.1, the tension force in the belt increased
progressively (i.c., a restraint system without a pre-tensioning device in red), and the tension
force increased suddenly (i.e., a restraint system with a pre-tensioning device in blue). Fig-
ure B.2 “a” shows a zoom-in of the force-time history curves shown above, where only the first
30 ms of the crash can be observed. As can be seen in the figure, there is no sudden increase
in the tension force in the case without a pre-tensioning device (red curve). Figure B.2 “b”
shows only the case with a pre-tensioning device and the characteristics that were identified
in the force-time history curve. The “T'TF identified” shows the time-to-fire that was asked
to be identified, which is the time at which the tension force begins the sudden increase. The
“actual TTF” (i.e., the firing command) would be earlier compared to the “TTF identified”,
and it is not influenced by the pre-tensioner delay, belt slack, belt geometry, and transducer
position. However, it is not possible to identify this with the available information. The “PP
force” is the force of the pre-tensioning device, and it was identified as the first peak after the
“T'TF identified” using the filtered signal.

Some cases showed an increase in the shoulder and lap belt, as shown in Figure B.3. Case
number 1, shown in blue, is the same as the one shown in blue in Figure B.1 and Figure B.2.
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B Seatbelt manual identification precedure and testing

a) 30 Belt tension force b) 30 Belt tension force
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Figure B.2: Subgfigure a contains force-time history curves for two crash tests (same as in Figure B.1),
only the first 30 ms. The tension force was measured at the shoulder belt of the driver’s
belt. A CFC 180 was applied to both signals. Subfigure b contains the force-time history
curve of a case with a pre-tensioning device and the characteristics to be identified of the
restraint system.

The other curves, in red, show a case of pre-tensioning in the lap and shoulder belt. The force-
time history curves measured at the lap belt are shown with a dashed line. The case with a
shoulder belt pre-tensioner (in blue) showed a transference of the tension force through the
buckle from the shoulder belt to the lap belt. However, the peak in the lap belt tension force
can hardly be identified as the result of the pre-tensioning device in the buckle or the anchor
plate, as the slope of the force-time history curve is not as high as in cases with a pre-tensioning
device. However, the case with shoulder and lap belt pre-tensioners (in red) showed peaks in
both seatbelt sections. These pre-tensioner devices were fired at different times as the shoulder
belt tension force increased first. Furthermore, the force-time history curve of the lap belt
showed two different slopes. Firstly, a low slope was associated with a transference of the
tension force through the buckle, similar to the first case in blue, which had a similar slope.
Secondly, a high slope associated with a pre-tensioning device had a similar slope as the one
associated with pre-tensioning devices in the shoulder belt force-time history curves.

3.5
—— Case 1: Shoulder belt force
3.0 4 === Case 1: Lap belt force
—— Case 2: Shoulder belt force
2.5 1 ==~ Case 2: Lap belt force
= 2.0
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Figure B.3: Force-time history curves for two crash tests, only first 30 ms. The tension force was mea-
sured at the shoulder belt (solid line) and lap belt (dashed line) of the driver’s belt. A CFC
180 was applied to both signals. The stars show the time at which the TTF was identified.
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B.2 Guideline to identify the load-limiting configuration

B.2 GUIDELINE TO IDENTIFY THE LOAD-LIMITING
CONFIGURATION

Some force-time history curves were used to exemplify how to identify the load-limiting con-
figuration. For this task, cases were gathered without load-limiting or with load-limiting de-
vices in one or two stages. Figure B.4 shows three force-time history curves where no load
limiting was observed. These force-time history curves showed a range of peak tension force
between 5 and 10 kN. However, none of the force-time history curves indicated a sustained
tension force over time.
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Figure B.4: Force-time history curves for three crash tests. The tension force was measured at the
shoulder belt of the driver’s belt. A CFC 180 was applied to all signals.

Figure B.5 shows six force-time history curves where a load-limiting device was identified.
Some of these force-time history curves were identified as those with a load-limiting device
of one stage and others with two. Subfigure “a” shows three force-time history curves where
a one-stage load-limiting device was identified. Subfigure “b” shows three force-time history

curves where a double-stage load-limiting device was identified.

a) Belt tension force b) Belt tension force
6 —— Case 4 6 —— Case 7
Case 5 Case 8
5 —— Case 6 5 —— Case9
= 47 = 41
53 X
o3 o3
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(o] (o]
w4 w 24
14 11
0 01
0 25 50 75 100 125 150 0 25 50 75 100 125 150
time (ms) time (ms)

Figure B.5: Force-time history curves for six crash tests. The tension force was measured at the shoul-
der belt of the driver’s belt. A CFC 180 was applied to all signals. a) Case 4, 5, and 6 with a

one-stage load-limiting device used. b) Cases 7, 8, and 9 with a double-stage load-limiting
device used.
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B Seatbelt manual identification precedure and testing

The load-limiting force of the device was identified as the mean force of the stage. This
mean was obtained visually and one decimal precision was asked for its identification. Fig-
ure B.6 shows some examples of how the mean force of the stage was identified.
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Figure B.6: Force-time history curves for four crash tests. The tension force was measured at the shoul-
der belt of the driver’s belt. A CFC 180 was applied to all signals. The mean load-limiting
force is shown with a red dashed line and each stage of the load-limiting device is shown
with a red shadowed square. a) Case 4 with a one-stage load-limiting device used. b) Case
S with a one-stage load-limiting device used. ¢) Case 7 with a double-stage load-limiting
device used. d) Case 8 with a double-stage load-limiting device used.

Subfigure “a” shows case 4 from Figure B.S5, this restraint system was identified as one
with a one-stage load-limiting device. The stage of the load limiter is shown in red and the
mean value of the load-limiting force is shown with a dashed line. Subfigure “b” shows case 5
from Figure B.5, this restraint system was also identified as one with a one-stage load-limiting
device. Subfigure “c” shows case 7 from Figure B.5, this restraint system was identified as one
with a double-stage load-limiting device. However, this case also shows load-limiting stages
with a slope in the load-limiting force. The first stage of the load-limiting device showed a
negative slope, which resulted in a decreasing load-limiting force. The second stage of the
load-limiting device showed a positive slope, which resulted in an increasing load-limiting
force. Subfigure “d” shows case 8 from Figure B.5, this restraint system was also identified as
one with a double-stage load-limiting device.
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B.3 Testing of identification algorithm for seat belt pre-tensioner and load limiter
characteristics

B.3 TESTING OF IDENTIFICATION ALGORITHM FOR SEAT BELT
PRE-TENSIONER AND LOAD LIMITER CHARACTERISTICS

The following figure and tables contain an example of the application of the identification
algorithm, the manual identification, and the actual pre-tensioner and load limiter charac-
teristics provided by the seatbelt manufacturer. A similar restraint system configuration was
used in Ostling et al. (2023).

8 =8 = T22031426 - LAP BELT
I \\ T-22031426 - SHOULDER BELT
7] / | == T-22031428 - LAP BELT
' \ == T-22031428 - SHOULDER BELT
6 -
— 5 1
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=
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[
bt
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3 -
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1 -
0 -
0 20 40 60 80 100 120
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Figure B.7: Force-time history curves for the “T-22031426’ and “T-22031428’ crash tests. The tension
force was measured at the shoulder and lap belt of the occupant. A CFC 180 was applied
to all signals.

Table B.1: Seat-belt pre-tensioner and load limiter characteristics - Lap belt - Test T-22031426.

Pre-tensioner ~ Pre-tensioner  Load limiting

Source force[kN] ~ TTF[ms]  force [kN]
Manufacturer 2 15 -
Manual identification 2.1 16 -
Application of

identification algorithm 1.8 17 i
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B Seatbelt manual identification precedure and testing

Table B.2: Seat-belt pre-tensioner and load limiter characteristics - Shoulder belt - Test T-22031426.

Pre-tensioner ~ Pre-tensioner  Load limiting

Source force[kN]  TTF[ms]  force [kN]
Manufacturer 2 10 4
Manual identification 2.5 13 4.5
Application of

identification algorithm 21 14.8 4.6

Table B.3: Seat-belt pre-tensioner and load limiter characteristics - Lap belt - Test T-22031428.

Pre-tensioner ~ Pre-tensioner  Load limiting

Source force[kN] ~ TTF[ms]  force [kN]
Manufacturer 2 15 -
Manual identification 2 16 -
Application of

identification algorithm 1.8 17 i

Table B.4: Seat-belt pre-tensioner and load limiter characteristics - Shoulder belt - Test T-22031428.

Pre-tensioner ~ Pre-tensioner  Load limiting

Source force [\(N] ~ TTF[ms]  force [kN]
Manufacturer 2 10 4
Manual identification 2.5 13 45
Application of

identification algorithm 2.0 14.7 4.6
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C DISTRIBUTION OF THE VARIABLES IN
THE REFERENCE DATA USED TO
OBTAIN THE METAMODELS

C.1 CRASH VARIABLE DISTRIBUTIONS
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Figure C.1: Distribution of impact speeds in the reference data, in blue, and its cumulative distribu-
tion function, in red.
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Figure C.2: Density probability function of the impact angle from the reference data obtained using
a kernel density estimate.
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C Distribution of the variables in the reference data used to obtain the metamodels

500 -

-1.0
400 - i il -0.8
_ 300 - -06
= "
3 II I Il II 3
200 - =

-04

] |
IIIIIIIIlllllliililiiiliii i i B
1000 1200 1400 1600 1800 2000 2200
Vehicle weight (kg)

100 - I-I II

Figure C.3: Distribution of vehicle weights in the reference data, in blue, and its cumulative distribu-
tion function, in red.
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Figure C.4: Distribution of collision opponent classified as front-to-front (F2F), front-to-side (F2S),
front-to-back (F2B), a narrow object (NA), and a wide object (WO).
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C.2 Restraint system variable distributions

C.2 RESTRAINT SYSTEM VARIABLE DISTRIBUTIONS

Deployed

Not deployed

Figure C.5: Distribution of airbag deployment in the whole reference dataset.
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Figure C.6: Distribution of airbag deployment in the reference dataset grouped by impact speed.
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Figure C.7: Distribution of configuration of load-limiting devices in the reference dataset.
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C Distribution of the variables in the reference data used to obtain the metamodels
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Figure C.8: Distribution of the forces used in the load-limiting devices (only first stage if second stage
present) in the reference dataset. If a double-stage load-limiting device was included, the
distribution of the forces in the first stage is shown in orange.
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Figure C.9: Distribution of the inclusion of load-limiting devices with a second stage if a load-limiting
device was included in the reference dataset.
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C.2 Restraint system variable distributions
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Figure C.10: Distribution of the configurations used in load-limiting devices with a double stage. The
left figure illustrates the distribution of forces applied in the second stage of the load-
limiting device, if included. The right figure shows the distribution of the decrease in
load-limiting force between the first and second stages of the device. Vertical dashed lines
show the decrease in force used to obtain the metamodels. Coloured bars depict the force
ranges used to obtain the probability of each configuration, as shown with the dashed
lines.

Not included

Figure C.11: Distribution of the inclusion of a pre-tensioning decide in the end-bracket if a load-
limiting device was included in the reference dataset.
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C Distribution of the variables in the reference data used to obtain the metamodels
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Figure C.12: Distribution of time-to-fire from Iraeus etal. (2016). Vertical dashed lines show the time-
to-fire used to represent the distribution in the process of obtaining the metamodels.
Coloured bars depict the force ranges used to obtain the probability of each configura-
tion, as shown with the dashed lines.
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C.3 Occupant variable distributions

C.3 OCCUPANT VARIABLE DISTRIBUTIONS

Male

Female

Figure C.13: Distribution of the occupant’s sex in the reference dataset.
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Figure C.14: Population distribution in the reference dataset (drivers in NASS CDS crash database
from 2000 to 2015).
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C Distribution of the variables in the reference data used to obtain the metamodels
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Figure C.15: Distribution of the occupant’s ages in the reference dataset.
g p g

120
100
£
=<
<=
2 80
(3]
=
60
Occupant's sex
| — I Male
40 I Female
150 160 170 180 190 200

Height (cm)

Figure C.16: Distribution of occupants’ height and weight in the reference dataset, illustrated using
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kernel density estimation (KDE) for both univariate (height and weightindividually) and
bivariate (height and weight combined) analyses, categorized by occupants’ sex. Shad-
owed areas in the bivariate plot (centre plot) represent 90 % of the population in the
reference data.



C4 Injury distributions

C.4 INJURY DISTRIBUTIONS

AIS 3+ injury count by body region and subregion
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Figure C.17: Distribution of the occupant’s injuries in the reference dataset used in Chapter 3.
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Figure C.18: Distribution of the occupant’s injuries in the reference dataset used in Chapter 4.
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D METAMODEL OBTENTION USING

MULTIBODY MODEL:

SUPPLEMENTARY INFORMATION

D.1 METAMODEL TRAINING PROCESS

Table D.1: List of metamodels hyperparameters

Metamodel Hyperparameter Range of used values
LASSO Regularization Ae[le—4,1e - 4]
parameter (A)
Neural Network Transfer function Hyperbolic Tangent Function,

Support Vector Regression

Gaussian Process Regression

Number of nodes of
hidden layer (N,,)
Weight decay
Learning rate

Kernel function

Box constraint (C)
Margin width (&)
Kernel

N, € [4,30]

Wde[le—-4,1le-2]
Lre[le-3,1.5¢ - 2]

2nd Order Polynomial
Celle-2,1e3]

ce[le—-3,1el]

Radial basis function,

Radial basis function + White kernel
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D Metamodel obtention using multibody model: Supplementary information
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Figure D.1: Mean absolute error (MAE) obtained for each injury-criterion metamodel using LASS,
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SVR, NN, and GPR. The horizontal axis shows the number of samples used to train the
metamodel, and the vertical shows the MAE of the predictions using the metamodel. The
dashed black line displays the MAE values that have an error of 10 % of the threshold

criteria value.



D.1 Metamodel training process
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Figure D.2: Acual vs predicted values of the 1,200 simulations used to obtain the GPR model.
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D.2 INJURY PREDICTION
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Figure D.3: Percentage of seriously injured occupants predicted using the deterministic and proba-
bilistic method for different sample sizes.
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Figure D.4: Change in the percentage of seriously injured occupants predicted using the deterministic
and probabilistic method for different sample sizes. The change was measured with the
number of samples shown in the plot and 1.5 times its size.
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E GENERIC VEHICLE INTERIOR MODEL:
CHANGES AND VALIDATION

E.1 MODEL DESCRIPTION

This appendix presents the validation of the frontal impact generic vehicle interior sled model
(GVImodel). A comparison of the simulation results and physical crash test data is presented
under matching impact conditions (i.e., restraint system configuration). Figure E.1 shows a
brief summary of the methodology applied to validate the GVI model changes. The driver
environment in this model was derived from the driver-side vehicle model developed by Iracus
et al. (2016), except for the belt system and seat. This generic model represents an average
vehicle interior geometry based on scans and measurements from 14 vehicles.
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Figure E.1: Flowchart illustrating the methodology employed to validate the GVI model response us-
ing crash test data.

The open access front seat model (FE_models / Open Access Front Seat Model - GitLab 2024)
replaced the vehicle’s seat. This seat has a measured h-point, which was used to position
the anthropomorphic test device (ATD) for the validation and to position the morphed hu-
man body models for Chapter 4. Two modifications were implemented to the seat model.
First, the initial foam reference geometry keyword was included for those nodes below the
seat cushion and backrest to enable the division of the simulation into positioning and crash
simulation, retaining the foam-to-occupant contact force. Second, a contact was included
between the cushion seat pan and the cushion side members.
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The belt system, except for the buckle, was also modified. The retractor and end-bracket
models were replaced to enable easy switching between a non-pre-tensioned, non-load-limited
restraint system and a system featuring double pre-tensioning (retractor and end-bracket)
with a double-stage load-limiting device, as well as all intermediate combinations. If a second
stage of the load-limiter was present, the switch between stages was time-dependent, defined
as the time-to-fire of the pre-tensioner and airbag plus an additional 50 ms. Bending beams
(Dahlgren et al., 2020) were also included in the lap and shoulder belt webbing to avoid exces-
sive belt bending.

E.2 MODEL SETUP AND VALIDATION METHOD

The original development of the GVI model by Iracus et al. (2016) used the crash tests of 14
vehicles to calibrate and validate the model response. An objective rating method was applied
to assess the degree of similarity between the model and the tests using the femur force, head
x-acceleration, chest x-acceleration, and chest deflection. The validation of the modified GVI
model was expanded to include a larger set of vehicles and take into account the specific con-
figuration of the restraint system, including the presence of pre-tensioning and load-limiting
devices.

The initial development of the GVI model by Iracus et al. (2016) was based on crash tests
involving 14 vehicles, which were used to calibrate and validate the model’s performance.
To evaluate the degree of similarity between the model predictions and experimental results,
an objective rating method was employed, focusing on the following metrics: femur force,
head x-acceleration, chest x-acceleration, and chest deflection. The validation process for the
modified GVI model was subsequently broadened to encompass a larger dataset of vehicles.
Additionally, this expanded validation incorporated specific configurations of the restraint
systems, including features like pre-tensioners and load limiters.

To ensure the model more accurately reflects real-world conditions, vehicle models most
frequently involved in collisions, identified from Chapter 2 reference data, were chosen for
the validation of the GVI model. These crash tests included variations in the vehicles’ man-
ufacturing years, providing a more comprehensive assessment of the model’s performance
across different variations in the restraint system.

Three different restraint system configurations were selected for the validation process.
These configurations were defined based on the characteristics of the pre-tensioning and load-
limiting devices, which included: no pre-tensioning nor load-limiting device, pre-tensioning
in the retractor and load-limiting force lower than 4.5 kN, and pre-tensioning in the retractor
and load-limiting force higher than 4.5 kN. Head, chest, pelvis accelerations, chest deflection,
neck forces and moments, femur forces, and seatbelt forces were used to compare the crash
tests and the model response for each combination of the restraint system.

Three different restraint system configurations, varying in pre-tensioning and load-limiting
devices, were selected for the validation process. These configurations included: no pre-
tensioning nor load-limiting device; pre-tensioning in the retractor with a load-limiting force
below 4.5 kN; and pre-tensioning in the retractor with a load-limiting force above 4.5 kN. To
assess the model’s accuracy for each restraint system combination, time-history signals from
the head, chest, and pelvis accelerations; chest deflection; neck forces and moments; femur
forces; and seatbelt forces were compared between the crash tests and the model’s response.

A visual comparison of the time-history measurements was performed, providing an as-
sessment of model performance. This comparison involved calculating the mean response
along with the 5™ and 95 percentiles of the time-history measurements at each time point.
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E.2 Model setup and validation method

Additionally, variations in the knee bolster, airbag, and steering column characteristics were
incorporated into the GVI model when determining the response corridors.

E.2.1 CRASH TESTS REFERENCE DATA

The crash tests used to validate the GVI model response were selected from the National
Highway Traffic Safety Administration (NHTSA) frontal impact rigid barrier crash tests,
conducted at 35 mph (56 km/h). The vehicle models chosen for these tests were based on
those most frequently involved in crashes, as identified from the reference crash dataset in
Chapter 2. The selection process for these crash tests included the following steps:

1. The dataset from Chapter 2 was reviewed to identify the most commonly involved
vehicles in crashes.

2. The top 20 most frequent vehicle models, representing nearly 40 % of the original
dataset, were selected for further analysis.

3. Data from NHTSA frontal impact rigid barrier crash tests for these 20 vehicle models,
covering production years from 1990 to 2015, were retrieved.

4. Characteristics of the vehicle restraint systems from Subchapter 2.3.1 were manually
reviewed, to prevent false positives or misclassification errors.

5. The ATDs used in the crash tests were examined, with cases involving a Hybrid IIT
soth percentile male ATD in the driver’s seat selected for validation.

6. Signals from each crash test were inspected to detect any issues, such as inverse polarity
or missing data, and any problematic signals were excluded from the validation dataset.

This selection process ensured that the crash tests used for validation provided accurate
and reliable data for assessing the GVI model’s performance. A total of 108 crash tests were
obtained from this process, which included: 64 crash tests with no pre-tensioning nor load-
limiting device, 25 crash tests with pre-tensioning in the retractor and load-limiting force
lower than 4.5 kN, and 19 crash tests with pre-tensioning in the retractor and load-limiting
force higher than 4.5 kN. Table E.1 shows a description of these vehicles ordered from most
to less frequently observed vehicle models in the crash database from Chapter 2.

Table E.1: Retraint system description for the vehicles used in the interior vehicle sled model validation

process.

PP PP LL LL

Make Model Model - Test force LAP  force SHLD 1ststage 2nd stage
year number kN [kN] [kN] kN

Honda Accord 1994 2048 0.0 0.0 0.0 0.0
Honda Accord 1997 2475 0.0 0.0 0.0 0.0
Honda Accord 1998 2712 0.0 0.0 0.0 0.0
Honda Accord 2000 3188 0.0 0.0 0.0 0.0
Honda Accord 2001 3457 0.0 11 4.9 0.0
Honda Accord 2008 6257 0.0 1.9 3.8 0.0
Honda Accord 2011 7078 0.0 1.8 4.9 0.0
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Table E.1 continued from previous page

Model  Test PP PP LL LL
Make Model force LAP  force SHLD  1ststage 2nd stage

year number [kN] [kN] [kN] [kN]
Honda Civic 1994 2066 0.0 0.0 0.0 0.0
Honda Civic 1996 2371 0.0 0.0 0.0 0.0
Honda Civic 1998 2735 0.0 0.0 0.0 0.0
Honda Civic 1999 2969 0.0 0.0 0.0 0.0
Honda Civic 2001 3458 0.0 2.3 5.9 0.0
Honda Civic 2006 5571 0.0 2.1 5.6 4.3
Honda Civic 2011 7147 0.0 2.1 5.3 0.0
Ford Taurus 1996 2312 0.0 0.0 0.0 0.0
Ford Taurus 1998 2748 0.0 0.0 0.0 0.0
Ford Taurus 2000 3248 0.0 0.9 4.6 0.0
Ford Taurus 2010 6808 0.0 13 4.5 2.5
Ford Taurus 2011 6964 0.0 1.7 5.5 3.9
Toyota Camry 1992 1690 0.0 0.0 0.0 0.0
Toyota Camry 1994 2038 0.0 0.0 0.0 0.0
Toyota Camry 1997 2531 0.0 0.0 0.0 0.0
Toyota Camry 1998 2710 0.0 0.0 0.0 0.0
Toyota Camry 2000 3251 0.0 0.0 0.0 0.0
Toyota Camry 2007 S675 0.0 1.8 4.0 0.0
Toyota Camry 2011 6953 0.0 1.1 3.6 0.0
Toyota Corolla 1994 2034 0.0 0.0 0.0 0.0
Toyota Corolla 1998 2726 0.0 1.2 4.8 0.0
Toyota Corolla 2003 4266 0.0 1.8 4.4 0.0
Ford Explorer 1995 2211 0.0 0.0 0.0 0.0
Ford Explorer 2002 4223 0.0 0.0 0.0 0.0
Ford Explorer 2006 5561 0.0 1.1 4.8 3.1
Ford Explorer 2012 7495 1.3 2.2 2.9 2.7
Ford F-150 1994 2055 0.0 0.0 0.0 0.0
Ford F-150 1997 2452 0.0 0.0 0.0 0.0
Ford F-150 1998 2747 0.0 0.0 0.0 0.0
Ford F-150 1999 3046 0.0 0.0 0.0 0.0
Ford F-150 2001 3672 0.0 1.4 4.2 0.0
Ford F-150 2009 6598 0.0 1.7 3.3 0.0
Ford F-150 2012 7625 0.0 1.8 3.6 0.0
Chevrolet Cavalier 1995 2253 0.0 0.0 0.0 0.0
Chevrolet Cavalier 1997 2754 0.0 0.0 0.0 0.0
Chevrolet Cavalier 1998 2688 0.0 0.0 0.0 0.0
Chevrolet Cavalier 2003 4445 0.0 0.0 0.0 0.0
Nissan Altima 1994 2059 0.0 0.0 0.0 0.0
Nissan Altima 1995 2297 0.0 0.0 0.0 0.0
Nissan Altima 1998 2744 0.0 0.0 0.0 0.0
Nissan Altima 1999 3003 0.0 0.0 0.0 0.0
Nissan Altima 2000 3281 0.0 1.4 5.5 0.0
Nissan Altima 2005 5150 0.0 1.6 6.4 0.0
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Table E.1 continued from previous page

Model Test PP PP LL LL
Make Model force LAP  force SHLD  1ststage 2nd stage
year number kN] [kN] [kN] kN]
Nissan Altima 2007 5895 0.0 1.7 4.3 0.0
Nissan Altima 2008 6191 0.0 1.4 3.9 0.0
Nissan Altima 2011 7152 0.0 1.3 5.1 4.1
Nissan Altima 2013 7966 1.6 2.1 3.9 0.0
Chevrolet  Silverado 2007 5877 0.0 1.0 5.0 0.0
Chevrolet  Silverado 2011 7099 0.0 1.0 3.1 0.0
Chevrolet Silverado 2012 7582 0.0 1.1 0.0 0.0
Chevrolet  Silverado 2013 8026 0.0 0.0 0.0 0.0
Chevrolet  Silverado 2015 8604 2.2 2.3 0.0 0.0
Ford Ranger 1995 2207 0.0 0.0 0.0 0.0
Ford Ranger 1996 2457 0.0 0.0 0.0 0.0
Ford Ranger 1999 3058 0.0 0.0 0.0 0.0
Ford Ranger 2007 5758 0.0 1.2 4.8 0.0
Ford Focus 2008 6256 15 1.2 3.1 0.0
Jeep Grand 1996 2430 0.0 0.0 0.0 0.0
Cherokee . .
Jeep Grand 1998 2713 0.0 0.0 0.0 0.0
Cherokee . .
Jeep Grand 1999 3057 0.0 0.0 0.0 0.0
Cherokee . .
Jeep Grand 2011 6999 0.0 1.7 4.3 0.0
Cherokee . .
Jeep Grand 2014 8293 0.0 1.3 2.9 0.0
Cherokee . .
Chevrolet Malibu 1997 2529 0.0 0.0 0.0 0.0
Chevrolet Malibu 1998 2714 0.0 0.0 0.0 0.0
Chevrolet Malibu 2001 3566 0.0 0.0 0.0 0.0
Chevrolet Malibu 2011 6998 0.0 1.6 3.3 0.0
Chevrolet Malibu 2013 7856 0.0 1.6 2.4 0.0
Chevrolet  Impala 2000 3130 0.0 0.0 4.2 0.0
Chevrolet  Impala 2001 3471 0.0 0.0 0.0 0.0
Chevrolet Impala 2006 5547 0.0 1.0 4.8 0.0
Chevrolet  Impala 2012 7488 1.4 1.0 33 0.0
Chevrolet  Impala 2014 8290 0.0 2.2 2.8 0.0
Ford Mustang 1994 2063 0.0 0.0 0.0 0.0
Ford Mustang 1996 2360 0.0 0.0 0.0 0.0
Ford Mustang 1998 2806 0.0 0.0 0.0 0.0
Ford Mustang 1999 3016 0.0 0.0 0.0 0.0
Ford Mustang 2001 3542 0.0 0.0 0.0 0.0
Ford Mustang 2005 5259 0.0 1.4 3.7 0.0
Ford Mustang 2008 6184 0.0 1.6 4.1 0.0
Dodge Neon 1996 2320 0.0 0.0 0.0 0.0
Dodge Neon 1998 2709 0.0 0.0 0.0 0.0
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Table E.1 continued from previous page

Model  Test PP PP LL LL
Make Model force LAP  force SHLD  1ststage 2nd stage

year number [kN] [kN] [kN] [kN]
Dodge Neon 2000 3207 0.0 0.0 0.0 0.0
Dodge Ram 1994 2021 0.0 0.0 0.0 0.0
Dodge Ram 1997 2530 0.0 0.0 0.0 0.0
Dodge Ram 1998 2784 0.0 0.0 0.0 0.0
Dodge Ram 1999 3023 0.0 0.0 0.0 0.0
Dodge Ram 2001 3532 0.0 0.0 0.0 0.0
Dodge Ram 2005 5159 0.0 0.9 4.2 0.0
Dodge Ram 2009 6585 0.0 1.3 4.1 0.0
Dodge Ram 2011 7115 0.0 1.6 4.8 0.0
Nissan Sentra 1995 2298 0.0 0.0 0.0 0.0
Nissan Sentra 1998 2771 0.0 0.0 0.0 0.0
Nissan Sentra 2001 3562 0.0 0.0 5.8 0.0
Nissan Sentra 2007 5876 0.0 1.8 4.5 3.0
Nissan Sentra 2011 7131 0.0 1.4 5.8 3.2
Chevrolet  Blazer 1991 1539 0.0 0.0 0.0 0.0
Chevrolet  Blazer 1993 1798 0.0 0.0 0.0 0.0
Chevrolet  Blazer 1997 2478 0.0 0.0 0.0 0.0
Chevrolet  Blazer 1998 2756 0.0 0.0 0.0 0.0
Chevrolet  Blazer 1999 3032 0.0 0.0 0.0 0.0
Chevrolet  Blazer 2002 3901 0.0 0.0 0.0 0.0

E.2.2 MODEL SETUP

The GVI model contains a wide range of parameters that can be modified to personalize
its behaviour. Most of these parameters were fixed in the obtention of the validation setup,
such as friction coefticients (equal to 0.3), position of the steering wheel, dashboard and floor
intrusion (null for all simulations).

A Hybrid ITI 50 percentile male ATD LS-Dyna model (ATD-H350-D01.11 from ATD-
Models GmbH, Wei§wasser, Germany) was seated in a driver posture. The h-point position
was based on the position of a 45-year-old, 78 kg and 179 cm male driver using Park et al.
(2016). A position simulation was performed to place the ATD into the seat and reach the
steering wheel and the pedals with the hands and feet, respectively.

The average acceleration pulse from the reference crash tests was calculated and scaled to
obtain a 56 mk/h delta-v. This acceleration pulse was then used to carry out all the simula-
tions.

Six parameters were modified to obtain all the setups used to validate the model’s response.
The primary variations involved the pre-tensioning and load-limiting devices (i.e., two of the
six parameters). Three seatbelt configurations were employed in the simulations:

1. The first configuration did not include pre-tensioning or load-limiting devices, but the
airbag was deployed at 10 ms. These cases were compared with those vehicles that did
not include these devices in the crash tests.
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2. The second configuration included a retractor pre-tensioning device and a “low force”
load-limiting device, with a load-limiting force of 4 kN. The pre-tensioner and airbag
were activated at 10 ms. These cases were compared with those vehicles that included
load-limiting force below 4.5 kN.

3. The third configuration included a retractor pre-tensioning device and a “high force”
load-limiting device, with a load-limiting force of 5 kN. The pre-tensioner and airbag
were activated at 10 ms. These cases were compared with those vehicles that included
load-limiting force above 4.5 kN.

The pre-tensioning force applied by the retractor was 2 kN.

The other four parameters used in this validation process were the size and pressure of the
airbag, the knee bolster stiffness, and the steering wheel compression force. Two values were
selected for each parameter, resulting in a small or large force, size, or stiftness. This selection
was based on the distributions of these parameters defined in the appendix of Iracus et al.
(2016). These distributions followed normal distributions, and the mean (u) and standard
deviation (o) were used to define the parameters “small” and “large” values. Equation E.1 was
used to obtain the small value, and Equation E.2 was used to obtain the large value. Table E.2
shows the results of applying both equations to each distribution.

Small_value = u — o (E.1)

Large value = u + o (E.2)

Table E.2: Parameters used to obtain the validation GVI model setup.

Distribution Value
Parameter Mean value Standard deviation small large Unit
Airbag size 332 18 314 350 mm
Airbag pressure 1.31 0.1 1.21  1.41
Knee bolster stiffness 472 1.93 279  6.65 kN/mm
Steering whecl 48 0.9 39 57 kN

compression force

* Stiffness in each leg contact.

The final combination of parameters used in the validation process was obtained through a
tull factorial design. This approach resulted in 48 simulations, as three seatbelt configurations
were evaluated using two possible values for the other four parameters. Figure E.2 shows the
Hybrid I SO percentile male ATD model positioned in the GVI model at the start of the
crash (Subfigure E.2a) and at 70 ms of the crash (Subfigure E.2b).
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(b)

Figure E.2: GVI model in the 56 km/h frontal impact test simulation. Subfigure (a) shows the Hybrid
III 50 percentile male ATD model in the GVI model at time 0 ms of the crash. Subfigure
(b) shows the ATD model in the GVI model at time 70 ms of the crash.

E.3 VALIDATION RESULTS

The correlation of the model using each seatbelt configuration, including variations in the
other parameters, was performed by plotting the signals from several sensors in both physical
tests and simulations. For all signals, the mean value and the spread of the data, represented
by the 5™ and 95 percentiles, were calculated at each point in the time series. Prior to these
calculations, the recommended CFC filters by SAE (2007) were applied to all signals. The
signals used for validation included accelerations of the head, chest, and pelvis along the xand
z axes; chest deflection; upper neck forces along the x and z axes; upper neck moment along
the y axis; femur forces along the z-axis for both left and right legs; lap and shoulder belt forces;
and vehicle acceleration along the x-axis. The vehicle acceleration used in the simulation was
defined as the mean vehicle acceleration along the x-axis for the 108 crash tests, with a CFC
60 filter applied to obtain a smoother signal.

Figures E.3, E.4 and E.5 present the results from crash tests and simulations categorized by
seatbelt configurations: without pre-tensioning and load-limiting devices, with pre-tensioning
and load-limiting force below 4.5 kN, and with pre-tensioning and load-limiting force above
4.5 kN. These configurations also included variations in airbag size and pressure, knee bolster
stiffness, and steering wheel compression force. The mean value of the time series is depicted
with a bold line, while the spread, represented by the 5th and 95t percentiles, is shown with
a shadowed area. Crash test results and simulation results are displayed in blue and orange,
respectively.
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The simulation results from the GVI model, in terms of magnitude, phase, and shape,
generally aligned with the range of crash test results. Two indicators were used to evaluate
these results: differences in mean value over time and the spread of time series data. For the
first indicator, the simulations exhibited similar magnitude, phase, and shape of the signals
compared to the mean time series from the crash tests, with any differences observed remain-
ing within the spread of the crash test time series. For the second indicator, the spread of the
simulation time series was smaller than that observed in the crash tests. The range defined by
the 5™ and 95™ percentiles of the simulation time series typically fell within the spread of the
crash test results. The main discrepancies were identified in the following signals:

1. Head x-axis acceleration: the magnitude of the signals was similar to the mean test
response, but the peak value was observed 10 ms later than the ones observed in the
tests.

2. Chest deflection: the main response was mostly within the spread of the crash tests.
Although the main peak deflection in the simulation was 10 mm higher than in the
crash tests for each belt configuration, the sensibility when changing the seat belt con-
figuration was similar, as the differences in the peak chest deflection were similar.

3. Lap belt force: the shape and phase of this signal were similar to the crash test. How-
ever, the magnitude of the peak was under-predicted by 2 to 3 kN.

Difterences in the spread of the responses between the crash tests and simulations could be
attributed to variations in certain model components, such as seatbelt routing, seat design,
airbag model, anchor points or ATD position. Additionally, unaccounted-for parameters like
friction between components, intrusion, and acceleration curve shape could also contribute
to these differences. Furthermore, the range of variation in these parameters could influence
this spread.

Based on these results, it was concluded that the GVImodel’s response closely aligned with
the real-world behaviour of vehicles in frontal impact crash conditions. However, future iter-
ations of the model should aim to better capture the variability observed in crash tests. This
can be achieved by increasing the number of simulations and applying more sophisticated
experimental designs, such as fractional factorial design or Latin hypercube design, to sys-
tematically select parameter combinations for each configuration. Additionally, future work
should focus on employing objective correlation metrics to identify which combinations of
restraint system characteristics, such as knee bolster stiffness and airbag size, best correlate
with specific features, such as load-limiting devices.
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Figure E.3: Hybrid III soth percentile male ATD results from the GVI model in a frontal impact simu-
lation using a seatbelt without pre-tensioning or load-limiting devices. Physical test results
are shown in blue, while simulation results are shown in orange. The shadowed areas rep-
resent the 5™ and 95™ percentiles of the time-series data.
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E.3 Validation results
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Figure E.4: Hybrid III soth percentile male ATD results from the GVI model in a frontal impact simu-
lation using a seatbelt with retractor pre-tensioning and 4 kN load-limiting devices. Phys-
ical test results are shown in blue, while simulation results are shown in orange. The shad-
owed areas represent the 5t and 95 percentiles of the time-series data.
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Figure E.5: Hybrid I1I soth percentile male ATD results from the GVI model in a frontal impact sim-
ulation using a seatbelt with retractor pre-tensioning and 5.5 kN load-limiting devices.
Physical test results are shown in blue, while simulation results are shown in orange. The
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F COMBINATION OF PARAMETERS USED

TO MORPHER THE SAFER HUMAN
BODY MODEL

Table F.1: Selection of height, weight, sex, age and seating height ratio used to morph female occu-

pants.
1D Height [cm]  Weight [kg] Sex  Age [years] Seating height ratio
F-01 173.8 56.1 Female 45.0 0.52
F-02 168.6 48.6 Female 45.0 0.52
F-03 162.5 44.8 Female 45.0 0.52
F-04 177.9 63.6 Female 45.0 0.52
F-05 172.1 65.8 Female 45.0 0.52
F-06 166.9 56.9 Female 45.0 0.52
F-07 156.6 44.6 Female 45.0 0.52
F-08 177.7 78.0 Female 45.0 0.52
F-09 160.8 52.8 Female 45.0 0.52
F-10 166.9 68.7 Female 45.0 0.52
F-11 171.7 80.5 Female 45.0 0.52
F-12 154.9 52.0 Female 45.0 0.52
F-13 160.8 63.2 Female 45.0 0.52
F-14 175.0 91.0 Female 45.0 0.52
F-15 163.1 76.4 Female 45.0 0.52
F-16 167.9 89.5 Female 45.0 0.52
F-17 154.8 62.3 Female 45.0 0.52
F-18 149.5 49.1 Female 45.0 0.52
F-19 170.2 108.3 Female 45.0 0.52
F-20 156.7 75.3 Female 45.0 0.52
F-21 161.1 89.1 Female 45.0 0.52
F-22 149.2 59.6 Female 45.0 0.52
F-23 164.3 107.3 Female 45.0 0.52
F-24 151.3 73.1 Female 45.0 0.52
F-25 155.7 92.5 Female 45.0 0.52
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F Combination of parameters used to morpher the SAFER human body model

Table F.2: Selection of height, weight, sex, age and seating height ratio used to morph male occupants.

1D Height [cm]  Weight [kg] ~ Sex  Age [years] Seating height ratio

M-01 187.7 70.9 Male 45.0 0.52
M-02 182.0 62.3 Male 45.0 0.52
M-03 175.5 57.6 Male 45.0 0.52
M-04 192.7 86.5 Male 45.0 0.52
M-05 186.4 80.6 Male 45.0 0.52
M-06 180.6 70.8 Male 45.0 0.52
M-07 169.3 56.8 Male 45.0 0.52
M-08 192.9 103.8 Male 45.0 0.52
M-09 174.1 65.8 Male 45.0 0.52
M-10 181.0 82.8 Male 45.0 0.52
M-11 186.4 95.2 Male 45.0 0.52
M-12 167.9 64.3 Male 45.0 0.52
M-13 174.5 76.4 Male 45.0 0.52
M-14 190.4 115.7 Male 45.0 0.52
M-15 177 .4 89.7 Male 45.0 0.52
M-16 182.7 103.3 Male 45.0 0.52
M-17 168.3 74.6 Male 45.0 0.52
M-18 162.4 57.8 Male 45.0 0.52
M-19 185.6 121.5 Male 45.0 0.52
M-20 170.8 87.6 Male 45.0 0.52
M-21 175.7 101.6 Male 45.0 0.52
M-22 161.5 73.0 Male 45.0 0.52
M-23 179.5 119.2 Male 45.0 0.52
M-24 165.2 89.3 Male 45.0 0.52
M-25 170.2 103.7 Male 45.0 0.52
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G METAMODEL OBTENTION USING
FINITE ELEMENT MODEL:
SUPPLEMENTARY INFORMATION

G.1 METAMODEL TRAINING PROCESS

Table G.1: List of metamodels hyperparameters

Metamodel Hyperparameter Range of used values
LASSO Regularization Ae[le—4,1e - 4]
parameter (A)
Neural Network Transfer function Hyperbolic Tangent Function,

Support Vector Regression

Gaussian Process Regression

Number of nodes of
hidden layer (N,,)
Weight decay
Learning rate

Kernel function

Box constraint (C)
Margin width (&)
Kernel

N, € [4,30]

Wde[le—-4,1le-2]
Lre[le-3,1.5¢ - 2]

2nd Order Polynomial
Celle-2,1e3]

ce[le—-3,1el]

Radial basis function,

Radial basis function + White kernel
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G Metamodel obtention using finite element model: Supplementary information
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Figure G.1: Mean absolute error (MAE) obtained for each injury-criterion metamodel using LASS,
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SVR, NN, and GPR. The horizontal axis shows the number of samples used to train the
metamodel, and the vertical shows the MAE of the predictions using the metamodel. The
dashed black line displays the MAE values that have an error of 10 % of the threshold
criteria value (“good” magnitude of prediction error), and the dotted black line displays
the MAE values that have an error of 15 % of the threshold criteria value (“acceptable”
magnitude of prediction error).
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G Metamodel obtention using finite element model: Supplementary information
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G Metamodel obtention using finite element model: Supplementary information

G.2 INJURY PREDICTION
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Figure G.5: Percentage of seriously injured occupants predicted using the deterministic and proba-
bilistic method for different sample sizes.
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Figure G.6: Change in the percentage of seriously injured occupants predicted using the deterministic
and probabilistic method for different sample sizes. The change was measured with the
number of samples shown in the plot and 1.5 times its size.
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