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Kurzfassung

Um zuverldssige Automobilkomponenten ressourceneffizient zu gestalten, ist es uner-
lasslich, die wahrend des Betriebs zu erwartenden Belastungen zu kennen. In den
frithen Entwicklungsphasen ist eine virtuelle Lastgenerierung notwendig, um diese
Belastungen effizient und realistisch abzuleiten. Da viele dieser Belastungen von den
gefahrenen Geschwindigkeiten des Fahrzeugs abhédngen, ist die Bestimmung charak-
teristischer Geschwindigkeitsprofile fiir verschiedene Fahrzeugtypen und Fahrweisen
wesentlich fiir die zuverldssigkeitsbasierte Konstruktion in der Automobilindustrie.

Diese Arbeit stellt neue Methoden zur Simulation von Geschwindigkeitsprofilen
vor und wendet Methoden der Uncertainty Quantification (UQ) an, um Unsicher-
heiten in den simulierten Geschwindigkeiten in Bezug auf die Komponentenlasten
zu berticksichtigen. Geschwindigkeitsmessungen von verschiedenen Fahrzeugen und
Fahrern auf mehreren Routen werden analysiert und die statistischen Eigenschaften von
Geschwindigkeitsfluktuationen untersucht. Es wird gezeigt, dass diese Fluktuationen
durch einen stochastischen Prozess beschrieben werden kénnen, der an die gemessenen
Eigenschaften angepasst ist. Zusétzlich wird Floating Car Data (FCD) analysiert,
um den Einfluss des Verkehrs auf Autobahnen zu modellieren, wobei zeitliche und
ortliche Abhangigkeiten des Verkehrs berticksichtigt werden, um Staus realistisch zu
beschreiben.

Die Verbesserungen in der Geschwindigkeitssimulation fithren zu einem stochastischen
Modellierungsansatz, der in der Lage ist, charakteristische Geschwindigkeitsprofile
fuir verschiedene Stralentypen, Fahrer und Fahrzeuge zu simulieren. Die abgeleiteten
Geschwindigkeiten und Lasten unterliegen verschiedenen Unsicherheiten. Um dies
zu adressieren, wird ein Bayessches UQ Framework vorgestellt, das Eingabeparameter
als Zufallsvariablen modelliert und so den Umgang mit Unsicherheiten ermoglicht.
Generalized Lambda Models (GLaMs) werden angewendet, um stochastische Surrogat-
modelle fiir die Geschwindigkeitssimulation zu erstellen, die eine globale Sensitivitats-
analyse und Bayessche Parameterinferenz erméglichen, um giiltige Beschreibungen
von Geschwindigkeits- und Lastunsicherheiten zu erhalten.
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Abstract

To design reliable automotive components in a resource-efficient manner, it is essential
to understand the loads expected during operation. During the early stages of
development, virtual load generation is necessary to derive these loads efficiently
and realistically. Since many of these loads depend on the driven velocities of the
vehicle, determining characteristic velocity profiles for different vehicle types and
driving behaviors is essential for reliability-based design in the automotive industry.

This work presents new methods for simulating velocity profiles and applies Uncertainty
Quantification (UQ) methods to account for uncertainties in simulated velocities with
respect to the component loads. We analyze velocity measurements from various
vehicles and drivers on multiple routes, investigating the statistical properties of velocity
fluctuations. We demonstrate that these fluctuations can be described by a stochastic
process tailored to the measured properties. Additionally, we analyze Floating car
data (FCD) to model traffic influences on motorways, considering time and location
dependencies of traffic to describe congestion realistically.

The improvements in velocity simulation lead to a comprehensive stochastic model-
ing approach, capable of simulating characteristic velocity profiles for diverse road
types, drivers, and vehicles. The derived velocities and loads are subject to various
uncertainties. To address this, we propose a Bayesian UQ framework that models
input parameters as random variables, enabling the handling of uncertainties. We
apply Generalized Lambda Models (GLaMs) to create stochastic surrogate models for
the velocity simulation, enabling global sensitivity analysis and Bayesian parameter
inference to provide valid descriptions of velocity and load uncertainties.
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1 Introduction

This work is concerned with the quantification of uncertainties in the context of vehicle
velocity simulations as part of a framework for virtual load generation. The framework
aims at generating loads, especially for automotive components, which allow for a
reliable design without requiring load measurements. In this context, the simulation
of vehicle speeds in driving direction, referred to in the following as the velocity of
the vehicle, is a central component of the virtual load generation framework, as it
allows for the generation of driver and vehicle-specific velocity profiles for arbitrary
routes, which are central to most component loads. In the following Section 1.1, the
state-of-the-art methods for reliability design in the automotive industry are introduced,
based on which Section 1.2 gives an introduction to the current virtual load generation
methods in literature. Finally, in Section 1.3, open research needs regarding Uncertainty
Quantification (UQ), velocity simulation, and virtual load generation are addressed,
while the contributions and outline of this thesis are provided.

1.1  Reliability design in the automotive industry

The design of reliable vehicle components requires information about the strength
and loading of the components. Both parts are subject to significant variability due
to differences in material properties and production processes, as well as variations
in vehicle usage. This variability of strength and loading prevents absolute certainty
on the reliability of components and leads to probabilistic statements expressed, e.g.,
through the failure probability over the intended service life of the product.

Unreliable products are a potential safety hazard, can lead to costly recalls, and may
damage the brand reputation. Consequently, considerable effort is spent in the design
process to ensure the reliability of components. To do so, the first step is to set a reliability
target, which can be prescribed by technical standards, customers’ requirements, or
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past experiences, and from which the following steps in the design process are derived
[6].

Early in the development cycle, simulation methods are used to assess the reliability and
make statements on the failure probability of a component or system. These assessments
are typically based on the stress-strength interference model, i.e., on a comparison of the
competent strength dtyengtn With the stresses dsyress acting on it, where failure occurs
when the stress exceeds the strength, see [68] for details. The measure of stress and
strength can vary depending on the application and is not necessarily a mechanical
stress tensor or a related quantity, but a general measure for the component loading, e.g.,
a damage sum in the case of variable amplitude loading. Both strength and stress are
described by a probability distribution to account for their randomness. By comparing
the two distributions, the failure probability can be calculated from the probability of
the stress distribution exceeding the strength distribution, see Figure 1.1.

A

Density

Failure
Strength distribution

Stress distribution

Strength / Stress

Figure 1.1: Qualitative representation of the failure probability using the stress-strength interference model.
Figure modified from [6].

Component strength information is obtained through fatigue testing, yielding S-N
curves that describe the relationship between stress amplitude S and cycles to failure
N. Fatigue testing ideally is done at the component level, but this requires prototypes
of the actual component, which in an early development phase are often not available.
Instead, fatigue testing can be done with specimens and design elements, which saves
cost and time but requires additional assumptions to transfer the specimen S-N curve to
the component S-N curve [46, 79]. Environmental factors such as media, temperature,
and corrosion can influence the S-N curve and introduce additional uncertainty when
predicting it [39].

The stress on the component is usually variable and depends on the usage of the vehicle,
i.e., on the routes driven with the vehicle and the behavior of the driver. The local
stress, which can be compared to the component strength, follows from the loads on the
component, such as forces and moments, which themselves are a function of the global
loads such as the vehicle accelerations, external temperatures, and so on, see Figure 1.2
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[41]. In some cases, it is possible to measure the local stress time series directly at the
component using strain gauges, but usually this is complex and costly, as it requires
access to the relevant highly stressed areas of the component. Therefore, measurements
of the loads on the component, such as temperatures, forces, and moments, are taken,
whichis usually easier, and from which the local stresses can be derived using simulation.
Load measurements on the component level do not necessarily require prototypes of the
investigated component if older generation components show similar behavior, which
allows the use of past measurements conducted with them.

=S
T —> T
Global load

A

2 Tk m, Y 0
M=~ ©.
mg my

Local load

3. Local stress
Fl

F(d Stress-strain
curve

Figure 1.2: Derivation of local stresses from global loads. Figure modified from [41].

Load measurements are conducted by performing test drives on a set of defined routes
with a test driver while measuring the loads on the component. To obtain the loads
for the complete vehicle lifetime, the measured loads are extrapolated to the desired
lifetime target [55]. The measurements can only encompass a limited range of possible
usage scenarios. Consequently, certain scenarios, such as drivers predominantly using
their cars in the city or primarily on motorways, which may result in a reduced lifetime,
are typically not considered. The derivation of loads based on test drives, therefore,
relies on the assumption that the combination of the test driver and the considered
route set leads to a load that is more critical than all, or at least almost all, real usage
scenarios. Moreover, a single load measurement is not reproducible, as the driver
never behaves the same, and external influences like the surrounding cars and traffic
lights change each time a measurement is conducted on the same route with the same
driver. To capture these random influences and derive the full load distribution for
the considered route and test driver combination, repeated measurements are needed,
which is often not feasible due to the time and cost involved.

To compare the measured or simulated stress time series with the S-N curve describing
the component strength, the series is classified with a counting method, e.g., Rainflow
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counting, to derive stress cycles which are combined in a load spectrum [3, 103]. Using
a fatigue life method and damage accumulation approach, the expected lifetime of the
component is calculated by comparing the S-N curve with the load spectrum. Damage
accumulation is typically done with Miner’s rule [70] or its modifications [40, 60, 108].
By incorporating the scatter of the S-N curve and the randomness of the load spectrum
resulting from the random driving behavior, the failure probability of the component is
derived under the assumptions made by the engineer, e.g., [55]. Additional uncertainties
in the estimated failure probability result from damage accumulation with the empirical
Miner’s rule, which doesn’t consider all influences on the component lifetime and can
lead to significant prediction errors.

1.2 Virtual load generation

Virtual load generation aims to generate loads for reliability design virtually, which
aims to improve some of the weaknesses in current reliability design methods as
described in Section 1.1. The current methods are largely based on measurements
of component loads, which, in the automotive context, are complex and expensive.
These measurements are often conducted using older product generations or require
prototypes that are not available during the early stages of development. Another issue
that is addressed with virtual load generation is the small sample size of load mea-
surements, i.e., only a fraction of usage scenarios can be covered by the measurements.
By generating the loads virtually, many more scenarios can be investigated in order to
derive a representative field load distribution.

As the basis for virtual load generation, multiple usage scenarios representative of the
real vehicle usage are defined [7]. Each scenario defines the routes driven by each
driver over the lifetime of the vehicle or a representative sample of routes, including
the times when the trips take place and the driving behavior of each driver. In [15], a
method to combine different data sources to derive the usage scenarios is presented.
Field data, which typically includes velocities, accelerations, and position data, can be
used to describe the driving behavior and maneuvers. If available in large quantities, it
can also be used to define sets of routes representative of all routes driven by a specific
vehicle over its lifetime. Geographic data, such as map data including signs, speed
limits, and topography, as well as historic weather data, are coupled with simulation
models and the usage scenarios to generate driver, vehicle, and route-dependent loads
on a large scale [93].

Based on the usage scenarios, component loads are derived virtually through simulation
models. Many of these loads depend on the driven velocity, necessitating velocity
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simulation to generate vehicle and driver-dependent velocity profiles for the given route
sets. By employing load-specific simulation models, referred to as system simulations,
local component loads are derived from global loads, such as velocity profiles, see
Figure 1.2. There exist different approaches for the modeling of vehicle velocities,
which can be classified into microscopic, macroscopic, and stochastic process-based
simulation models. Microscopic approaches, such as the intelligent driver model [99],
simulate the behavior and interaction of multiple individual vehicles through a system
of ordinary differential equations that describes the dynamics of the vehicles’ positions
and velocities. While these models allow for a detailed description of velocities in a local
and bounded area, they are unsuitable for generating velocity profiles on longer routes,
as this would require considering all vehicles and their interactions within a much larger
domain. In macroscopic traffic models, traffic is treated as a continuous flow, similar
to a fluid stream [59, 80]. Instead of focusing on individual vehicles, these models
consider the aggregate properties of the traffic stream, such as density, flow, and mean
speed, which must adhere to the hydrodynamic relation that flow equals density times
speed and the continuity equation, ensuring the conservation of vehicle flow [100]. As
the macroscopic models do not model the interactions of individual vehicles with other
road users, which strongly influence the short-term velocity fluctuations, as well as the
differences in driving behavior of individual drivers and vehicles, they are not suitable
for the majority of load generation use-cases. The stochastic velocity simulation, as
described in Section 3.1, is based on the description of the velocity of a single vehicle as
a stochastic process, which reduces the computational effort but, through the stochastic
component, still considers the random influences from the interactions with other
road users. Based on information on the speed limit, topography, and road curvature
coupled with a model for the behavior of the driver, a stochastic process to model the
random influences, and a vehicle dynamics model, velocity profiles for arbitrary routes
can be generated within a short runtime, making stochastic velocity simulation suitable
for virtual load generation [15, 85, 93]. Existing stochastic velocity simulation models,
see e.g. [85], exhibit deficiencies, including insufficient consideration of correlations
in the velocity profiles. Since the majority of existing and new use-cases for virtual
load generation rely on simulated velocity profiles, enhancing the velocity simulation
is crucial for the further development of virtual load generation methods.

The system simulation models must balance the requirement for a detailed vehicle
description with short runtimes to enable the simulation of various usage scenarios.
For instance, in the case of vibration loads, simplified longitudinal dynamics models are
more suitable than full Multibody simulation (MBS) models due to their significantly
shorter runtimes [15]. Depending on the load being considered, other models are used
instead of or in addition to physical models. This includes data-based approaches
that, based on past measurements, model the relationship between component loads
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and relevant inputs, such as the vehicle velocity [15]. By coupling these models, i.e.,
the system simulations, with the velocity simulation, which generates vehicle and
driver-dependent velocity profiles on the given route sets, loads can be derived fully
virtually without requiring any additional measurements [27, 85].

Using the described methods, the full field load distribution considering diverse usage
scenarios can be derived, from which statistically well-qualified quantiles, representing
critical usage scenarios, follow, which can be used for reliability-based design as
described in Section 1.1. The knowledge of the full load distribution allows for further
analysis if necessary, such as the derivation of test cycles for test benches, which are
statistically proven to be particularly critical. Besides the advantage of covering more
usage scenarios compared to load measurements, leading to less uncertainty regarding
the representativity of the derived loads, virtual loads are also available very early
in development, only requiring simulation models and no prototypes. Therefore,
virtual loads allow for considering reliability targets earlier, reducing the risks for
late changes in development and thereby decreasing development time and cost [6].
While virtual loads have less uncertainty regarding their coverage of different usage
scenarios, they are still subject to many uncertainties along the simulation chain, a major
source being the velocity simulation. To increase the applicability and trust in virtual
loads, these uncertainties must be quantified. For the stochastic velocity simulation,
this is challenging as the simulation itself is random and the corresponding velocity
measurements are subject to random influences which cannot be controlled, requiring
methods of UQ that take these random factors into account.

1.3 Contributions and outline

The current state of research in reliability design and virtual load generation in the
automotive industry, as well as the deficiencies of current methods addressed in Sections
1.1 and 1.2, motivate the following open research needs:

¢ Application of UQ methods to the velocity simulation model within a framework
for virtual load generation, aiming to quantify the uncertainties of the velocity
simulation with regard to the simulated loads.

¢ Investigation of the additional uncertainty introduced by the randomness of
the velocity simulation, which, as a stochastic simulator, requires UQ methods
suitable for handling such stochastic behavior.

¢ Advancing the velocity simulation model to reduce the error and uncertainty
regarding the loads by improving the modeling of velocity fluctuations.



1.3 Contributions and outline

¢ Including traffic influences and stop-and-go traffic on motorways in the velocity
simulation by leveraging large amounts of Floating car data (FCD) to investigate
the effects of traffic on loads.

In Chapter 2, the theoretical background for the methods applied and developed
in this thesis is set. This includes the fundamentals of vehicle dynamics, which
are necessary for generating realistic velocity profiles that respect physical bounds.
Further, Autoregressive-Moving-Average (ARMA) models, which are used for velocity
fluctuation modeling, are introduced, including methods for their estimation and
selection. Finally, UQ methods, including Monte Carlo sampling, surrogate modeling,
sensitivity analysis, and Bayesian inference, needed to quantify the uncertainties in the
velocity simulation are introduced.

Chapter 3 introduces the stochastic velocity simulation model in Section 3.1 and
describes the methods developed for its improvement. The main contributions are:

¢ Anovel method for the modeling of velocity fluctuations based on ARMA and red-
noise models in combination with a truncation approach for the stochastic process
and a model to describe the dependencies of the parameters. The parameters are
modeled as a function of the mean velocity and are specific to each driver. Thereby,
allowing for the description of the different fluctuation characteristics, such as
variance, correlations, and bounds, for city, country, and motorway driving, as
well as for a wide range of drivers and vehicles. It is demonstrated that the new
method better replicates measured fluctuations compared to the state-of-the-art
approach in [85, 93]. See Section 3.2.

* A novel method for the generation of traffic influences on motorways from
time and position-dependent traffic speed distributions coupled with congestion
length distributions. The distributions of the traffic speed and congestion length
are derived from FCD measured in Germany. The method is demonstrated to
significantly improve the match of simulated to measured velocities on motorways
due to the added inclusion of traffic influences. See Section 3.3.

¢ Introduction of a new approach to model stop events in the velocity simulation,
including an estimation method to derive realistic parameters for the model from
measured velocity profiles. By extending the stop model and coupling it with the
traffic model, stop events are added on motorways, leading to realistic stop-and-go
traffic. See Section 3.4.

Chapter 4 describes the developed framework for UQ of virtual loads and demonstrates
it with two applications. The main contributions are:



1 Introduction

¢ Development of a framework which applies UQ methods to virtual load generation
to quantify the uncertainties of the velocity simulation. The UQ methods are
adapted to the specific requirements of virtual load generation, including the
randomness of the loads, their multidimensionality, and the high number of input
parameters. See Section 4.1.

¢ Demonstration of a novel application of Generalized Lambda Model (GLaM)
surrogate models in an industrial context. The models serve as surrogates for
the loads derived with the velocity simulation, which is a stochastic simulator
and thus necessitates the use of stochastic surrogate models such as the applied
GLaMs.

¢ A novel combination of GLaM stochastic surrogates with methods of Bayesian
inference for the identification of posterior parameter distributions of stochastic
simulators. The method is demonstrated with an application to the velocity sim-
ulation and the associated GLaM surrogates to identify the posterior distribution
of the velocity simulation parameters.

* Demonstration of the developed UQ framework in two applications. In the
first application, the uncertainties of the velocity simulation are identified with
respect to a specific system simulation and the associated loads. The second
application considers a more generic case where the uncertainties are identified
with respect to properties of the velocity profiles without considering a specific
system simulation. See Sections 4.2 and 4.3.

In Chapter 5, the work is summarized and the main conclusions are given, leading to
an outlook for further research.



2  Fundamentals

This chapter provides the necessary concepts required for the subsequent chapters of
this thesis. It begins with the fundamentals of vehicle dynamics in Section 2.1, followed
by an overview of ARMA models for time series analysis in Section 2.2, which together
form the basis of the stochastic velocity simulation discussed in Chapter 3. Additionally,
Section 2.3 introduces methods of UQ, which are the foundation of the UQ framework
for virtual load generation presented in Chapter 4.

2.1  Vehicle dynamics

Vehicle dynamics describes the vehicle’s behavior in response to driver input, envi-
ronmental conditions, mass distribution, engine power, and other vehicle properties.
Complex vehicle dynamics models can accurately predict longitudinal and lateral
behavior for various driving scenarios. [86] lists different types of vehicle dynamics
models with varying complexity. These range from linear single-track models to
multi-body systems with multiple subsystems such as vehicle body, wheel suspension,
tires, and drivetrain. While more complex models allow for a better understanding
of the physical details, their computational cost also increases considerably. Simpler
models, such as the linear single-track model, are fast to evaluate and can model the
main effects on vehicle dynamics. In the considered velocity simulation, see Section
3.1, only the longitudinal motion of the vehicle is taken into account, making linear
single-track models sufficient. For the simplified model used in the following, the

resistance forces acting on a vehicle are [13]:
e Air resistance Fy;,(v) = %cwz‘lv2 with air density p,;,, coefficient of drag ¢, and

frontal area A,

¢ Rolling resistance Fy,1(s, v) = Myen g froncos(a(s)) with vehicle mass 1y, accel-
eration due to gravity g, rolling resistance coefficient f,;; and road slope a(s),

* Slope resistance Fjope(s) = Myengsin(a(s)).
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Using the model above, the total driving resistance is F,.s(s,v) = Fair(v) 4+ Fron1(s, v) +
Fsiope(s). Figure 2.1 illustrates the set of resistance forces acting on the vehicle.

Figure 2.1: Resistance forces acting on vehicle, modified from [13]
The available traction force for accelerating the vehicle is given by
Fy = min(Ftr,P/ Ftr,T/ Ftr,F) (21)

and is either limited by the engine power F;,p, the engine torque Fy, r or the road
friction Fy; r. The force limit resulting from the engine power Py, is

-1
Prax (ith y, =14 Amar =1 (2.2)

F =
fr.p (e 107/Vmax

where 7. is a drivetrain efficiency factor with the two parameters A, and v, [94].
The engine torque limit follows directly from the transmission ratio ng, the wheel
diameter 7y p¢.; and the maximum torque at the engine shaft T; ¢ max, i.e.

neyT;
gleng,max
By = S8 23)
Twheel
The maximum force that the friction of the road can transmit is [86]
n
Fir,p = Myen— == gigcos(a) (2.4)
ax

with the ratio of driven axles 14, 4, to all axles 1,4, of the vehicle, the friction coefficient
t, and the road slope «, see Figure 2.1. The weight is assumed to be evenly distributed
between both axles, and weight shift effects during acceleration are ignored. Weight
shift effects occur when acceleration or braking causes the vehicle’s weight to transfer
from one axle to another. These simplifications allow for splitting the weight between
nfl::‘ . Figure 2.2 shows an example of the traction force diagram.

At lower velocities, the traction force is limited by either the engine torque or the road
friction, depending on the vehicle and the road friction conditions, while at higher

the axles using .y,

velocities, the traction force is limited by the engine power.

10
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—— Power limit F;, p
—— Torque limit F;, 1
—— Traction limit Fy,
8000
6000 \

\

4000 A

2000 A

Traction Force Fir(v) [N]

0 50 100 150 200
Velocity v [km/h]

Figure 2.2: Traction force diagram

The traction force for decelerating the vehicle is derived in the same way by replacing
the maximum torque and power values of the engine with those of the braking system.
From the available traction force and the driving resistance, the maximum possible
acceleration of the vehicle follows as

Ftr - Pres(sl Z))

ax,max,veh(sz U) = Mooh
ve

(2.5)

2.2  Autoregressive moving-average models

ARMA models are a class of linear, discrete models for stochastic processes that are
widely used in economics, social sciences, and engineering [26, 65, 84]. In Section 2.2.1,
ARMA models are defined, and their properties are briefly described. Section 2.2.2
introduces methods to estimate parameters for the models from data, based on which
Section 2.2.3 describes ways to choose the model with the best fit to the data. For further
insights on ARMA models and time series analysis in general, the reader is referred to
[12].
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2.2.1 Definition and properties

An ARMA model [71] is a combination of an Autoregressive (AR) and a Moving-Average
(MA) model. An AR(p) model of order p describes a stochastic process {Zt}fi , in the
following way

p
Zy=c+e€r+ Z (PiZt—i (26)
i=1

with the AR coefficients ¢; up to order p, the constant ¢ and the white-noise term
€ ~ N(0, o). AMA(q) model describes a stochastic process {Zt}f’: , by

q
Zi=c+e€r+ Z Gjet_]' (27)
j=1

with the MA coefficients 0; up to order g, the remaining terms are defined in the same
way as in the AR(p) model. This way an ARMA(p, q) model is defined accordingly as a
combination of an AR(p) and a MA(q) model leading to the description

p q
Zi=c+e+ Z QiZi_i + Z 6€r-j. (2.8)
i=1 =1

of a stochastic process {Zt}i\i 1

Based on the general ARMA model we can define a red-noise AR(1) model, see [11],
i.e., the white noise term €; in the AR model is replaced by red-noise which is itself an
AR(1) process with zero mean

Zy=c+nZiy+ e withep = Oep1 + (4, 29)
Zi=c+ T]Zt71 + 6€t71 + Ct: )

where (; is a white-noise term C; ~ N(0, o¢,). In this case, the process is symmetric
in the two autocorrelation parameters 1 and 0, i.e., the properties of the process, such
as mean, variance, and autocorrelation, remain the same when the parameters are

12



2.2 Autoregressive moving-average models

swapped. Starting from the initial values Z; and €; and iteratively stepping through
the process

€2
—_—
Z> =C+T]Z1+9€1 +C2,
€3
e N ————
Zz=c+nMZ1+ 0e1 + )+ 0 (0er + 02) +C3,
— S————
Zy €2 (210)

€4

Z4 =c+n (T]2Z1 + 17961 + 7]C2 + 9261 + 9(:2 + C3) +6 (9261 + QCQ + CB) +C4,

Z3 €3

Zy=c+Z1n° +e1(PP0 +16* + 0%) + Ly + L3(n + 0) + Ca(n + )2,
the red-noise AR(1) process can be generalized as

t-1 t

Zi=c+Zin' 4 e Z ni~1-igt 4 Z Ciln + 0) . (2.11)
i=1 i=2

For |n| < 1,]6| < 1 the influence of the starting values Z; and e quickly diminishes
and a MA process with infinite order remains where the coefficients are 6; = (1 + 6)/.
This is in line with all AR processes, as they can generally be written as a MA process
of infinite order. Therefore, a red-noise AR(1) process can be approximated by a proper
truncation of an infinite order MA process.

Stochastic processes can also be represented as an output from a linear filter [107] which
transforms a sequence of independent random variables €;, €;-1, €;—3, ... (White noise
process) into the process Z;

Zy=c+e€r+ ¢1et_1 + 1/12@_2 + ...,

(2.12)
Zy=c+ HD(B)E[,
where the polynomial operator is given by
Y(B)=1+y1B+ B + ... (2.13)

13



2 Fundamentals

with the weight sequence {1, ¢, ... and the backward shift operator BZ; = Z;_;. The
ARMA model, in (2.8), can thus alternatively be written as

(1-@1B—@2B* — ... — 9, B")Z; = (1 + 61B + 0,B> + ... + 0,B)e; (2.14)
or more compactly with the polynomial operators ¢(B) and 0(B) of degrees p and g by

¢(B)Z; = O(B)e;. (2.15)

Stationarity

The ARMA model in (2.15) defines a stationary process if the characteristic equation
@ (B) has all its roots outside the unit circle, and thus the stationarity is independent of
the MA terms. For an AR(1) process, this implies that the condition |¢1| < 1 must be
fulfilled for stationarity. For an AR(2) process the stationarity conditions are g +¢1 < 1,
@2 — @1 <land -1 < @, < 1. For the red-noise AR(1) the condition follows from the
combination of the two AR(1) processes and thus implies || < 1 and |8] < 1, see also
[11].

Moments

The Autocorrelation function (ACF) for a general ARMA(p,q) model is the following
difference equation

Pt = Q1pr-1+ P2pr—2 + .. + Pppr—p, fort > g +1,

2.16
@B)pr =0, fort>q+1. (2.16)

In the case of an ARMA(1,1) model the ACF is

1-—¢@0 -6
_( (Plzl)((Pl 1) and
OO (217)
Pt = P1pe-1, fort > 2,

which has a monotone exponential decay for ¢1 > 0 and an alternating exponential
decay for ¢1 < 0. For the red-noise AR(1) model the ACF is given by (e.g., [11])

1
1+

pr=1"+ 0 Dol - ). (2.18)
i=1
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2.2 Autoregressive moving-average models

Following [11] the mean value of any ARMA model is given by

c

E[Zi] = ——— (2.19)
1=-Xi i
and for the red-noise AR(1) in particular by
E[Zi] = — (2:20)
=1z 7 .
In general, the variance of an ARMA process is
Var(Z;) = o2 Z 2 (2.21)
i=0
which when solved for an ARMA(1,1) process leads to
1429161 + 62
Var(Z;) = Lzlog. (2.22)
1- (2
Following [11] the variance of the red-noise AR(1) process is then given by
Var(Z,) = i 1+n0 (2.23)
T aea -9 \1-ne) '

2.2.2 Parameter estimation

There exist several methods to estimate the parameters of an ARMA model. In the
following, a few of them are introduced where we focus on the (conditional) Maximum
Likelihood Estimation (MLE), the least squares method, and the method of moments
(e.g., Yule-Walker equations).

Maximum Likelihood Estimation
Using (2.8) the ARMA(p,q) model can be written as
€t = Zt - C— (p1Zt71 — . (ppZt,p - 9161}71 — . qut,q. (2.24)

Assuming that the first p values of {Zt}’f:1 and g values of {et}tq:l are known then the
values €:(¢1, ..., pp, 01, ..., 0;) can be calculated recursively using (2.24). Conditional
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on the starting values {Zt}le, {et}le and using the normality and independence
assumption of €; the joint likelihood of the ARMA parameters is determined by

N

2

€t
exp|l-—]. (2.25)
2mo;

202

t=tmin

The starting point is set to t,,i;, = max(p, ) to allow the calculation of €; using (2.24),
which for t < t,, is not possible as the equation is not fully defined. The log-likelihood
is given by

N
_ N — tmin N - tmin 2 1 2
= —Tlog(Zn) - Tlog(ae) -— Z €},

which, accordingly, is also conditional on the unknown starting values. To calculate the
log-likelihood, assumptions must be made about the starting values. Here, a sensible
choice is to set them to their unconditional expectation, E[Z;] = ¢ and E[e] = 0. For
reasonably large values of N the influence of the starting values diminishes.

In the case of a red-noise AR(1) model we can expand

Z; C +17Zt_1 + €4,
Zi=c+ T]Zt_l + 0€i_q + G4, (2.27)
Zy=c+nZi-1+0(Zi-1 —nZi2— )+,

which leads to the (unconditional) log-likelihood needed for the MLE of the red-noise
AR(1) parameters

N
N N ) 1 , (228)
== log(2m) — > log(oc) - —20% t;(Zt —(c+nZi-1 +0(Zi—1 —nZi—2 — )"

In order to obtain the MLE we use a numerical optimization algorithm (e.g., BFGS [28]
or trust-region [95]) to maximize the log-likelihood

A A2 A A _ 2
¢,65,¢1,01,...= argmax ¥z, z,(c, 0%, ¢1,01,...). (2.29)
2
c,06,91,01,...
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2.2 Autoregressive moving-average models

The MLE is consistent and converges in probability to the true parameter values, but is
shown to be biased [12], meaning that the expected value of the estimator differs from
the true value.

Least squares method

As the considered ARMA models assume a normal distribution of €; the log-likelihood
includes the data through the sum of squares

N
S(CI §01/ 91/ ) = Z e%/ (230)

t=tmin

see (2.26). For a fixed o2 the log-likelihood ¢z, ... 7, is therefore a linear function of S. It
follows that maximizing the log-likelihood for the MLE is equivalent to minimizing the
sum of squares, making the least squares estimate equivalent to the MLE.

Method of moments

To build a method of moments estimator, the moments of the stochastic process are
expressed as a function of the model parameters and compared to the sample moments.
The number of moments included in the estimation is the same as the number of
model parameters. This leads to a system of equations, which is solved for the model
parameters. For ARMA models, the ACF, i.e., the second moment, can be used to build
the system of equations. A sample ACF estimator is given by

N-1
pr = m Z(Zt = z)(Zsr — pz) (2.31)
z =

which is biased when ., and o2 are replaced by their estimators {i,, 62. For a pure AR
model, the ACF as a function of the model parameters is given by

P
pr = Z Pipi-t. (2.32)
i=1
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In the case of an AR model, this gives a system of equations called the Yule-Walker
equations, which for an AR(1) model take the form

(Zl - :1’ (2.33)
1= P11,

where the autocorrelation p; is replaced by p to estimate ¢;.

For general ARMA models a method of moments estimator for the AR and MA
parameters ¢, 01, ... can be derived by minimizing the Mean squared error (MSE)
between the theoretical and estimated ACF [72] which leads to the estimators

Tmax
$1,01,... = argmin " (p — i)’ (2.34)
(p1,91,... =1

with the maximum considered lag T = Tmax. To also estimate the mean ¢ and the
variance o2 the expected value E[Z;] in (2.19) is substituted by the sample mean (i,

_°c
1-%7, i ’

p (2.35)
c=p(1-) i),

i=1

E[Z:] =

and the variance Var(Z;) in (2.21) is substituted by the sample variance 52

Var(Zy) = 02 ) y?,
i=0

(2.36)
2 &
0c = S 77
Zico ¥V

In [72], it is noted that the presented method of moments estimator based on the ACF
converges to the true parameter values, but is generally biased.

2.2.3 Model selection

Model selection aims at finding the optimal AR and MA orders to model a real stochastic
process. The ACF and Partial autocorrelation function (PACF) of the measured sample
can be used to identify suitable orders. An ACF estimator j; is givenin (2.31). In[12] the
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2.2 Autoregressive moving-average models

authors derive a PACF estimator ¢ ; for lag 7 recursively based on the Durbin-Levinson
Algorithm [25] and the ACF estimator p. by

N =1 A N
Pr — thl Pr-1,tPr—t
=1 A N
1- Zt:1 Pr-1,t Pt

Q= where ¢r ¢ = Q1= PrrPro1 -t forl1 <t < v-1 (2.37)
with ¢, being the ith coefficient of an AR model of order p estimated with the
Yule-Walker equations, see (2.33). For a pure AR process, the PACF has a cutoff after
lag p while the ACF decays exponentially. The ACF of a purely MA process has a cutoff
after lag g while the PACF decays exponentially. For a mixed ARMA model, both the
ACF and PACF show an exponential decay. With the identified model orders p and g,
the parameters can be estimated, as described in Section 2.2.2.

The remaining residual €; is investigated to assess the quality of the model fit. The
residual should have a constant mean and variance, i.e., it should be stationary, and
the values should be independent of each other. The ACF and PACF can be used to
identify remaining correlations in the residual. Statistical tests like the Ljung—Box test
[61] can be applied to test for correlations. Stationarity of the series can be tested with
hypothesis tests, e.g., the augmented Dickey—Fuller test [23]. If the chosen model with
its parameters is inadequate, the procedure is repeated with another model specification.
This iterative procedure to identify the right ARMA model for a time series is known
as the Box-Jenkins method [12].

An alternative approach for model comparison is to use an information criterion. Two
widely used and closely related criteria are the Akaike information criterion (AIC) [1]
and Bayesian information criterion (BIC) [87], which are both based on the likelihood
function £ of the model and include a penalty term to avoid overfitting due to too many
parameters. The AIC is defined as

AIC = 2k — 2log(1§) (2.38)
with the related BIC given by

BIC = klog(N) — 2log(./5). (2.39)
Here, £ is the maximized likelihood, k is the number of parameters, and N is the sample
size. The two criteria differ in their penalty term for the number of parameters. The
term in the BIC also includes the sample size and is bigger than the AIC for sample sizes

greater than 7. Models with a lower value of the criteria are generally preferred. Both
criteria are only valid for model comparison and do not provide an absolute criterion for
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rating the quality of a model. Other analyses should still be part of the model selection
process, e.g., examination of the residuals and model prediction quality.

2.3  Uncertainty Quantification

The aim of UQ is to quantify the uncertainties in computational and real-world
applications. Understanding these uncertainties helps to aid in the decision-making
process and leads to more confidence in respective decisions. Introductions to UQ are
for example available in [20, 36, 64, 75, 92, 97].

Uncertainties can be classified into different categories. A common approach is to
classify them into aleatoric and epistemic uncertainties [97]. Aleatoric uncertainty is
uncertainty about an inherently variable phenomenon and can thus not be reduced.
Commonly, aleatory uncertainties are described by parametric distributions. Epistemic
uncertainty refers to uncertainty from a lack of knowledge, i.e., it can be reduced
by acquiring more knowledge. Epistemic uncertainty can be further divided into
model form uncertainty concerning the correct structure of the model and parametric
uncertainty about the correct values of the model parameters. The distinction of
uncertainties in these two categories is not always clear and can be subjective. The
presence of both aleatoric and epistemic uncertainties is commonly referred to as
polymorphic uncertainty.

In [97], an overview of objectives that can be solved with methods from UQ is given.
They are illustrated with the system f (also denoted as model M) which maps inputs
X = (X4, ..., Xg)T from some metric space X to outputs Y = (Y3, oY)t = f(X) in
some metric space Y. The output Y can be a single (or multiple), direct output of the
system f or another quantity derived from the output(s) to make the problem easier to
handle. The output quantities considered in the UQ problem are called Quantities of
Interest (Qols). The following UQ objectives are relevant to this thesis:

* Forward propagation problem: Uncertainty about the input parameters is
described by a probability distribution px(x) which is propagated to the outputs
Y. The task is to find the output distribution py(y) and its properties. Difficulties
of this task can be associated with the high dimensionality of either X or Y, often
also with correlations within inputs and outputs or the black box character of the
system f which prevents an analytical description of py(y).
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Reliability problem: Estimate the probability of the Qol belonging to a certain
set Y 1, associated with failure

Plf(X) € Yrail]l = €. (2.40)

Prediction problem: Similar to the reliability problem. Given a maximum
acceptable probability of error € > 0 find the set Y such that failure is avoided
with the given probability

P[f(X)eY]>1-e. (2.41)

Inverse problem: Given (uncertain) observations of the output quantity Y
estimate the unobserved input parameters X such that f(X) = Y. In a frequentist
view, confidence intervals for the parameters can be estimated, while in a Bayesian
context, a probability distribution px(x) is assigned to the input parameters to
express their uncertainty.

Model reduction: Replace the full system f by an approximation f which
itself has some numerical parameters that need to be calibrated to give a good
approximation f ~ f. The approximation (also called surrogate or meta model)
usually has less computational cost or some other advantages compared to the
full system regarding the UQ objective. The accuracy of the approximation may
itself be part of a reliability or prediction problem [97].

2.3.1 Monte Carlo method

Monte Carlo methods [69] are a collection of tools used to solve problems by drawing

repeated samples from random variables. In UQ, they can be used to derive properties

of the Qol distribution without knowing an analytical description of it. The expected
value of the model output

B[f(X)] = /X px () f(X)dx (2.42)
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for example, can be approximated with a (standard) Monte Carlo method by replacing
the expected value with the sample mean and drawing N samples from the probability
distribution px(x)

E[f(X)] ~ o = F(X). (2.43)

Mz

i=1

The variance of the unknown distribution py(y) can be approximated similarly with
the sample variance

N
Var(f(X)) = 8% = = 3 (f(X) ~ @) (2.44)
i=1

The u-th quantile g, can be approximated by taking the ranked sample X y), ..., X(v)
and using the sample quantile function
A A j j+1
uw=Q)=01-y)X;+yXj41, where N <u< N (2.45)
for 0 < y < 1[47]. There exist different definitions for y which depend on the value of
j=|uN]and g = uN — j. The simplest form is

1 ifg>0 o4
Y= . (2.46)
0 ifg=0

which assigns the next higher sample value if the quantile is between two values of the
ranked sample set. The authors in [47] give other, alternative definitions for y.

Monte Carlo methods have several advantages, e.g., the independence of the estimates,
such as [i, from the dimensionality K of the input space, making them applicable to
higher-dimensional problems. The independence of the evaluations of f(X) allows
embarrassingly parallel calculations. A disadvantage of Monte Carlo methods is
\/7), requiring a large number of samples. Various
methods to improve the convergence rate of the standard Monte Carlo method exist,
e.g., Latin Hypercube Sampling (LHS) [67], Multilevel Monte Carlo (MLMC) [37], and
%) In [56], the

properties of the mentioned and other variants of Monte Carlo methods are compared.

their slow convergence rate O (

the quasi-Monte Carlo method [17] which converges with O (

Other variants of the Monte Carlo method include variance reduction techniques such
as importance sampling [54] which, based on knowledge about py(y) with y = f(x)
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gives more weight to some samples from X depending on their importance. For more
information on Monte Carlo methods, the reader is referred to [14, 63].

2.3.2 Markov Chain Monte Carlo method

A Monte Carlo method of particular importance for Bayesian analysis is the Markov
Chain Monte Carlo (MCMC) method. An introduction to it is given in [24, 63]. In
Bayesian applications, samples need to be drawn from the posterior distribution, see
(2.80), which can be high-dimensional and is only known up to a constant Z},, meaning
that px(x) = Z%p%(x). Monte Carlo methods can be used to approximate the integral

Z; = ‘/Xp;((x)dx,
LN (2.47)
77~V — ¥ (x), where V = / dx,

to estimate the constant Z;, or to draw samples from the posterior distribution to
approximate its shape. Distributions in high dimensions are typically concentrated in
a small subset of the probability space X. Independent, uniform sampling thus places
only a few samples in the relevant subset, making its use of the samples inefficient.

The general idea of MCMC methods is to draw correlated samples that depend on
previous draws. New samples are drawn from a transition distribution T (x;_1, x;) =
px,;(xi|xi—1) which conditions the new sample X; on the previous one X;_; (i.e., a
Markov Chain). The transitions T(x’, x), where x’ is the previous sample of x, must be
chosen in a way that the resulting distribution

px(@) = ) T, x)px(x') (2.48)

is invariant under the Markov Chain. In [24] invariance of px(x) is checked by the
reversibility condition

px ()T (x, ") = px'(x')T(x’, x) (2.49)

requiring the transitions T(x’, x) to be chosen such that the Markov Chain is reversible
for px(x). Using this condition invariance of px(x) under the Markov Chain can be
shown by

D px (T, %) = Y px(®T(x, %) = px(x) ) T(x, %) = px(x). (2.50)
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As demonstrated, the reversibility condition is sufficient for invariance of px(x) under
the Markov Chain, but it is not a necessary condition [24].

When drawing from the Markov Chain, several initial steps are needed until the distri-
bution converges to the invariant distribution (burn-in). Various MCMC algorithms use
different transition distributions T(x’, x) to draw the next sample. These include the
Metropolis-Hastings [42], Gibbs [34], and Slice [74] sampling methods. Slice sampling
has the advantage that it does not require the choice of a particular transition distribution.
It is based on the fact that sampling from a distribution px(x) is identical to uniformly
sampling from the area underneath the Probability Density Function (PDF) of such a
distribution and marginalizing over the density axis to retain px(x). This also holds for
the unnormalized distribution p} (x) = Z;px(x).

To sample from the area under the PDF an auxiliary random variable U supported on
u € [0, px(x)] is defined and the joint distribution of X and U is described by

1 .
o (e, ) = {z; if0<u<p (x)‘

0  otherwise

(2.51)

Sampling from px i1(x, u) is performed by alternatively sampling from x and u condi-
tional on the other variable. Figure 2.3 illustrates this procedure for the univariate case.
The distribution py(u|x) is given by the uniform distribution py(u|x) ~ U(0, p5(x))
from which samples can easily be drawn. Sampling from px(x|u) is achieved by
sampling uniformly from the set {x : u < p}(x)}, which is the horizontal "slice" in
Figure 2.3. The size of the set {x : u < p}(x)} is generally not known. The horizontal
sampling is performed by defining a region of size w around the point x. This region is
extended by w in each direction until both ends are outside the slice, see the lower part
of Figure 2.3. Then, uniform sampling within this region is performed. If the drawn
sample is within the set {x : u < p}(x)}, it is accepted, if this is not the case, it is set
as the new lower or upper bound for the sampling region. This procedure is repeated
until a valid sample for x is found, which then serves as the condition for the next draw
from pyr(u|x). This iterative procedure is repeated until the targeted number of samples
is drawn.

2.3.3 Sensitivity analysis
Sensitivity analysis investigates how a function f(x1,...,xk) is influenced by the

individual inputs x; as well as their combined effects, which allows for identifying
their significance. This helps to reduce the set of parameters {x1, ..., xx} to only the
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v

Figure 2.3: [llustration of the slice sampling algorithm. Figure modified from [74].

important ones, which enables further steps such as parameter identification. Sensitivity
analysis can be categorized into local and global methods. Local methods study the
sensitivity of f(x1, ..., xx) at a particular point x0 which involves the calculation of
derivatives. For instance, the partial derivative of f with respect to x; at the fixed point
x° provides insight into how small changes in x; affect the function’s output near that
specific point. Global methods, on the other hand, study the overall effect of an input x;
on f(x1, ..., xx), which takes their complete definition domain into account and doesn’t
focus on the effect at a particular point. Due to this global perspective, which makes
consideration of the input domain size easier, we focus on global methods in this work.

A popular method for global sensitivity analysis is the variance-based Sobol” method
[89]. Sobol” indices decompose the output variance into the individual and combined
contributions of the input parameters. Considering a univariate model ¥ = f(X)
(extension to multiple outputs possible by performing separate analysis for each output)
with uncertain, random inputs X = (Xy, ..., X x)T, the model can be decomposed as

K K
Y=f+ Zﬁ(x,«) + Zﬁj(xi,xj) +ot fro k(X1 Xa, o Xk) (2.52)
i=1 i<j

where all the terms fo, fi, fij, ..., f1,2,...k are orthogonal [89]. This leads to the following
definitions of the conditional expected values

fo=E[Y],
fi(Xi) = E[YIXi] - fo, 25
£1i(Xi, Xp) = BY\Xi, X1 = fo = i = £,
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which describe the effect on Y of varying X; alone and the combined effect of varying
multiple inputs simultaneously. The orthogonality allows for the following decomposi-
tion of the variance as

K K
Var(Y) = Z Vi+ Z Vij+ ...+ V1o x (2.54)
i=1 i<j
where the individual terms
Vi = Var(E[Y|X;]) (2.55)

describe the contribution of a single input X; to the total variance Var(Y). Higher-order
contributions such as

Vi = Var(B[Y|X;, X;]) = Vi -V (2.56)

describe the combined effect of 2 or more input variables on the output variance. Sobol’
indices [89] are defined as normalized versions of the variance contributions

V,

_ 1
5i = Var(Y)’
5= 1
7 Var(Y)’ (2.57)
S _ Vin.x
12.K = oy

where S; are first order, S;; second order, etc. Sobol” indices. This implies that their
sum is

K K
1= Z Si + Z Si]' + ...+ S]z._K. (258)
i=1 i<j

First and higher order Sobol” indices can be combined into the total order Sobol” indices
[45]

_EVar(VIX )] o
St =~y 1S (2.59)

where X .; are all variables in X except X; and S..; is the sum of all Sobol” indices which
do not include i. The total order Sobol” indices therefore measure the total contribution
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of X; to the output variance Var(Y) across all orders and in combination with any other
input variable. This also means that their sum is

K
Z Sti>1 (2-60)
i=1

as higher order effects between, e.g., X; and Xj, are included in both, St; and St;. The
sum only equals 1 when the model doesn't include any higher-order effects.

Multiple estimators for the Sobol” indices exist, which allow us to estimate them from
Monte Carlo samples, such as those derived in [82]. An accurate estimation often
requires hundreds or thousands of runs, which requires techniques such as surrogate
modeling to reduce the computational cost, see the following Section.

2.34 Surrogate models

Surrogate models are used to replace computationally expensive models with an
approximation that is easier and faster to evaluate. The approximation is then used for
subsequent, computationally expensive analyses, e.g., sensitivity analysis or parameter
estimation. They are constructed by running a Design of Experiments (DoE) with the
original model M to create a set of samples which are used to fit the surrogate M.
Depending on the choice of the surrogate model, the DoE can be done with a random
sampling strategy such as Monte Carlo, quasi Monte Carlo, Latin Hypercube Sampling,
etc. Another sampling strategy is to use a deterministic sequence, e.g., full-factorial
sampling or Non-Intrusive Spectral Projection (NISP) [57], which allows for a more
systematic exploration of the input space, ensuring that certain combinations of inputs
are considered, e.g., their extreme value combinations. Depending on the nature of the
problem and the properties of the model M, a suitable surrogate is chosen, although
it should be noted that in practice this choice is often not known a priori. In principle,
every universal function can be used as a surrogate model, but certain functions that
have the necessary flexibility and structure to capture the underlying patterns in the
data are more suitable. Popular approaches for surrogate models include Polynomial
Chaos Expansion (PCE) [10, 35], Gaussian processes [78], Support Vector Machines [21,
101] and artificial neural networks [8, 81]. In the following, we focus on PCE based
surrogate models.

We distinguish two types of simulators, standard simulators, which are deterministic,
i.e., the same set of input parameters leads to the same Qol value at the output, and
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stochastic simulators, which, for a set of input parameters, lead to a distribution of the
Qol at the output. Formally, standard simulators can be expressed by

My:Dx >R (2.61)

which is a mapping of the inputs x € Dx to the Qol y = M(x) € R, this can be
extended to multiple Qols at the output by treating each component separately. Most
surrogate models are also deterministic and therefore suited for simulators of this form.
Stochastic simulators have an internal source of randomness with sample space Q2 and
can formally be expressed as

M : Dx xQ — R. (2.62)

This means that for a given set of input parameters x, the model produces a realization
from the unknown distribution Y ~ py(y|x). To characterize this unknown distribution,
repeated runs of the model for a fixed set of parameters x are necessary, which further
increases the computational cost when the effect of variations in x on the Qol should be
investigated. This requires the use of stochastic surrogate models, which can emulate the
Qol distribution py(y|x) = py(y|x) and are easy and cheap to evaluate [109]. Different
stochastic surrogate models are described in [62, 110, 112]. One PCE based approach
for stochastic surrogate modeling suited to our applications is the GLaM [110].

Polynomial Chaos Expansion

PCE is based on the decomposition of a random variable

Y = M(X) = Z CaPa(X) (2.63)

aeNK

with respect to the basis functions ¢/4(X). This representation can be extended to a
multivariate output Y by calculating the PCE for each output separately. Assuming
that the components of X are independent, their joint distribution is given by

K
px(x) = 1_[ px;(x)). (2.64)
j=1
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2.3 Uncertainty Quantification

For independent input X, the basis functions ¢,(X) can be described by orthogonal
polynomials which are obtained as a product of the individual polynomials [91]

K .
Pal) = [ [0l x)). (2.65)
j=1

The orthogonal polynomials {¢§j) : k € N} for each input X; are defined by

B[y (X)) (X))] = bu, (2.66)

with the Kronecker symbol 6 defined as 6y = 1 if k = [ and 0,y = 0 otherwise.
The components «; indicate the polynomial degree of ¢,;, where the multi-index
@ = (a1, ..., ag) € NK combines the polynomial degrees of all variables x;. For standard
distributions of X; the associated polynomials qbg/) are known as Hermite (normal
distribution), Legendre (uniform distribution), and Laguerre (exponential distribution)
polynomials [106]. Truncation schemes are applied to select a subset of all available
polynomials & € A. For a truncated set a the coefficients ¢, can be estimated for a set

of input samples {x1, ..., Xy} and their respective outputs {y1, ..., ym}.

For a correlated distribution px (x), the usual procedure is to transform X into the proxy
& with independent components using the Nataf or Rosenblatt transform [98]. After the
transformation, the above PCE scheme can be applied to the independent components
of &.

With infinite polynomial degrees in &, the PCE gives an exact representation of the
variable Y. For practical applications, the polynomial degrees need to be truncated to
a finite subset & € A c NX to give an approximate surrogate model M ~ M. This
truncation can be done with, e.g., the hyperbolic (q-norm) truncation scheme [9]

1
K q
AP = Ja e N, |lal|, = (Zlmlq) <p (2.67)
i=1
where p sets the maximum polynomial degree and g < 1 defines the quasi-norm || - ||,.

For g = 1 the full basis of total degrees less than p is obtained

K
APA=LK = {a c NK,Ha”q:l = Z lai| < p} (2.68)
i=1
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which includes the maximum coupling terms between the inputs X = (Xy, ..., XK)T.
When only weak or no coupling is expected between the inputs, the degree ¢ can be
reduced to decrease the overall number of terms. Table 2.1 gives two examples of the
truncation of the polynomial order for two input variables X, X, with the g-norm
truncation scheme.

@p=349=1,K=2

;[0 0 1 0 2 03 1 2
[0 1 0 2 01 3 0 2 1

(b)p=34=05K=2

a [0 0
1

1. 02 0 3
az | 0 020 3 0

Table 2.1: Polynomial orders for two combinations of p and g with K =2

Generalized lambda distribution

GLaMs [110] are based on the Generalized Lambda Distribution (GLD). The GLD can
well approximate most unimodal distributions, for example, uniform, normal, Weibull,
and Student’s t distributions [30, 52]. Different definitions of the GLD exist [30, 77]. In
the following, we focus on the GLD of the Freimer-Kollia-Mudholkar-Lin family [30]
which is defined with its quantile function

1 (u™-1 (1-uM-1

Qu;A) = A1+ —

2.
Ao A3 Ayg (2.69)

and the four parameters {A; : I =1, ...,4}. Here, A; is the location parameter, A, is the
scale parameter, which must be positive to ensure a valid quantile function, and A3 and
A4 are the shape parameters. Following [110] the PDF of the GLD can be derived based
on the quantile function (2.69)

(i) = oo =
Priyi )= Q(u;A)  uh 14+ (1 —uyls-l

Tjo1y(u), withu = Q7 (y;4) (2.70)

where Q’(u;A) = dQ‘;L‘;A), and 1jgj(u) is the indicator function to ensure that the
PDF is zero for values outside the defined range u € [0,1]. There is no closed-form
expression to compute the inverse Q7! i.e., the Cumulative Distribution Function
(CDF), analytically, and therefore (2.69) needs to be solved numerically [110].

30



2.3 Uncertainty Quantification

Figure 2.4 shows different PDFs which can be produced by the GLD. For A3 = A4 the
distribution is symmetric, and A3, A4 < 1 leads to bell-shaped distributions. A normal
distribution, for example, can be approximated by setting A3 = A4 = 0.13. When
Az < —% or Ay < —% moments of order greater than k do not exist, i.e., mean and
variance only exist for A3, A4 > —0.5. In this case, the mean is given by

1 1 1
E[Y] =741 - /\_2 (m - m) (2.71)

where the variance is determined by

dy — d?
Var(Y) = (2~ ) 2.72)
A2
2
with the beta function B and
1 1
d1= —B(A3+1,1)— —B(1, Ay + 1),
A3z Ag
(2.73)

1 2 1
d = —=B(2A3+1,1)— —B +1 +1)+ —=B(1,2A4 + 1).
2 /\g (2A3+1,1) Tals Az +1,A4+1) 12 (1,2A4 +1)

Generalized lambda models

To derive a surrogate for the stochastic simulator M, the GLaM [110] aims to approxi-
mate Y (x) by a GLD which is a function of x. This means the GLaM needs to find an
optimal parameter combination A(x) = (A1(x), ..., A4(x))T as a function of x such that
the GLD p§™P(y; A(x)) can well approximate the underlying distribution py(y|x). The
GLaM uses PCE to model the dependence of the GLD parameters A(x) on the model
variables x and such allows to approximate the conditional distribution of the Qol

Y(x) ~ pSLD(y;/\Il)C(x),/\gc(x), )\gc(x),/\zc(x)). (2.74)
The spectral approximations of the lambda parameters are given by
M) 2 A 0) = Y crathaly), 1=1,3,4,
a€EA
) (2.75)

Ao(x) ~ /\gc(x; c) =exp ( Z 2,0 a(x)

acA,
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Moments of|order > k do not exist

Figure 2.4: Influence of A3 and A4 on the shape of the GLD. The location is set to A1 = 0 with the scale being
Az = 1. The blue dots indicate that the PDF has unlimited support in the marked direction. Green and red
dots denote a bounded support of the PDF with py(y) = 0 on the boundary for red dots and py(y) = 1 for
green dots. [110]

where A>(x) is transformed to log(Aa2(x)) to ensure positivity. The truncation sets
A={A;:1=1,..,4} and coefficients ¢ = {c; o : | = 1, ..., 4, @ € A;} are defined for all
Ae{A:l=1,..,4}

A direct approach [109] to estimate the coefficients ¢ of the GLaM is to draw multiple
samples from the model distribution Y ~ py(y|x;) for multiple samples X1, ..., Xm
drawn from X; ~ px(x). This allows to fit the GLD to each set of samples Y(i), .y Yl(;) ~
py(y]x;) and estimate the corresponding set of parameters {A;(x;) : [ = 1, ...,4}. With
the resulting input {x1, ..., xp} and output sets {)A\l(xl)...,;\l(xM) :1=1,...,4} the PCE
approximations {)\})C(x; ¢):1=1,...,4} can be build.
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2.3 Uncertainty Quantification

The described coefficient estimation based on replications for each parameter sample
typically requires a large number of samples as for each sample X; a sufficient amount of
replications R is necessary to get stable estimates for the lambda parameters, requiring
in total R - M samples. Therefore, the authors in [110] derive a joint fitting estimator that
doesn’t require replications, i.e., for each X; only one sample is drawn from Y; ~ py(y|x;).
The samples Y; can be considered as draws from the joint distribution Y; ~ px v(x, y) of
X and Y. This allows one to derive the joint fitting estimator given by the conditional
MLE

¢ = argmax {(c),
ceC

M (2.76)
t(c) = Z log (pSLD (]/i}/\PC(xi} c))) ,
i=1

which minimizes the Kullback-Leibler divergence between the joint PDF of the GLD
pg’“)]? (%, ¥) and the true underlying PDF px y(x, y) by modifying the PCE coefficients c.
For more details on the properties of this estimator, see [109, 110]. They also describe
a stepwise fitting procedure which first identifies a suitable starting point for ¢y and
the truncation set A with Feasible generalized least-squares (FGLS) [105] and then

searches for the MLE optimum ¢ with the trust-region optimization algorithm [95].

2.3.5 Bayesian inference

Bayesian inference combines measurements with prior knowledge to identify the
parameters of a model using Bayes’ theorem. It is a suitable method for inverse
UQ-problems as it can incorporate the uncertainty of the parameter identification
result, taking into account prior knowledge of the parameters and the available data,
see Figure 2.5. For an introduction to Bayesian methods and their applications, see also
[33, 66].

input

data

Figure 2.5: Scheme of inverse UQ [73]
The basic idea of Bayes’ theorem is to assign probabilities to the parameters of a

model, i.e., the inputs x are modeled as random variables which are drawn from
the prior distribution X ~ px(x). This distribution can incorporate prior knowledge
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about the input parameters’ possible values. The random input X is combined with
the model M, in our case a stochastic simulator, to represent the random output
Y = M(x). The following considerations can be directly extended to multiple outputs
by considering their joint distribution. Observations are assumed to be drawn from
the output distribution Y; ~ py(y). The joint distribution of X for N measurements
Y =(Y4,..., Yn)T is given by

pxx(x,y) = px(x[y)py(y) = py(ylx)px (x) (2.77)

where the likelihood £,(x) = py(y|x) expresses the probability of obtaining a set of
measurements y given the parameter vector x. The conditional distribution px(x|y)
is called the posterior distribution which describes the PDF of the parameters in X

conditional on the measurements y = (y1, ..., yn)!. Reformulating (2.77) leads to Bayes
theorem

py(ylx)px(x)

v (y) (2.78)

px(xly) =
which relates the posterior px(x|y) to the likelihood py(y|x), the prior px(x), and
the marginal distribution py(y). The marginal distribution in the denominator is a
normalization constant to ensure that the posterior integrates to 1. It is given by

py(y) = /X pxy(x, y)dx = /X Py (ylx)px (x)dx 2.79)

and is not a function of the model parameters X. The posterior, therefore, is proportional
to its numerator

px (xly) o< py(ylx)px (x). (2.80)

To use Bayesian inference, the first step is to select a suitable prior distribution for
the input vector X. The prior distribution reflects the subjective belief about the
probability of certain parameter values. One can also define an uninformative prior
by assigning a uniform distribution that only conveys information about the bounds
of the parameter, i.e.,, some physical or model-related constraints to the parameter,
and does not favor any value within the bounds. Next, one must define a likelihood
function to connect measurements to the model. To reduce the computational effort
for evaluating the likelihood, the model is often replaced with a surrogate M= M
leading to the likelihood fy(x) = py(ylx) for the surrogate M. The last step is to
sample from the posterior distribution, which is typically done with MCMC methods
such as described in Section 2.3.1. Other methods to compute the posterior distribution
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2.3 Uncertainty Quantification

include variational inference [88] and Laplace approximations [53], which both use
distributional assumptions for the posterior that are not required by the sample-based
MCMC methods.

When the uncertainty of input parameters is identified with the posterior distribution
px(x|y), the effects of it on the model outputs Y can be investigated. A point estimate
of the parameter vector x is given by the Maximum a posteriori (MAP) estimator

X = argmax px(x|y) (2.81)
X

or the expectation £ = E[X|y]. Plugging the point estimate into py(y’|X) gives the
distribution of future outcomes y’ considering the estimate % derived from the posterior
distribution. While this approach includes the updated information on the parameters
x to some degree, the uncertainty about the parameter estimate is lost through the
point estimator. This uncertainty is captured by the posterior predictive distribution,
which combines the posterior distribution with the simulation model to assess the
uncertainty of the outputs given the identified input uncertainties. The posterior
predictive distribution of future outcomes y’ is then given by

(1Y) = /X py(y 1o)px (xly)dx (2.82)

which combines the conditional distribution of the simulation model py(y’|x) with
the uncertainty in the parameters px(x|y). While using the posterior predictive
distribution provides the advantage of considering the uncertainty about x, it has
a higher computational cost compared to using the point estimate & as the integral in
(2.82) must be evaluated.
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3  Stochastic velocity simulation

To design reliable automotive components, it is important to understand the expected
operational loads. Early in development, virtual load generation helps derive these
loads realistically. Many vehicle component loads are based on the driven velocity,
which makes velocity simulation an essential component for virtual load generation.
The velocity simulation generates velocity profiles on arbitrary routes as a function
of driver behavior and vehicle properties, which are then processed with further
simulations to derive component loads. The velocity simulation can substitute for
physical test drives and enables the completion of virtual test drives for thousands of
kilometers within seconds, saving time and resources in an early development stage.
To do so, a set of routes is derived for multiple drivers and their vehicles, which should
optimally represent the routes driven during the lifetime of the vehicle. Based on these
routes, the velocity simulation generates velocity profiles representative of the usage of
the vehicle over its lifetime, which then, besides the routes, also depends on the driving
behavior of the driver and the properties of the vehicle.

Velocity profiles are random, i.e., for a given route, driver, and vehicle, the resulting
velocity is not deterministic, but instead is given by a stochastic process {V; : s € S}
with respect to position s along the route. In the following, the stochastic process
is divided into a piecewise constant part my(s), which models changes in the mean
velocity, and a stochastic part X; to model the fluctuations around the mean velocity.
The stochastic process for the velocity is then given by

{Vs} = {my(s)Xs} = my (s { X} G.1)

which allows for splitting the modeling of velocities in the simulation into two parts.
The piecewise constant part is influenced by, e.g., speed limits, traffic jams, stops, or
curves. The stochastic part, on the other hand, models random fluctuations that are
caused by driver inattention and the actions of nearby pedestrians, cyclists, and vehicles.
In the further course, the piecewise constant part my(s) is denoted as the route velocity
Vyoute(s) as it primarily depends on the route properties. Some component loads are
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primarily dependent on the mean velocity, as they are not sensitive to short-term
fluctuations, e.g., road-induced vibrations do generally not depend on sudden changes
in velocity. Other loads, especially on the drivetrain components of a vehicle, such as
shafts, gears, bearings, etc., are highly dependent on the random velocity fluctuations,
as the fluctuations cause additional acceleration and deceleration cycles, which lead to
spikes in the forces and torques acting on the drivetrain components.

The chapter is structured as follows. In Section 3.1, the existing velocity simulation
model is introduced. In Section 3.2, a new approach to model the velocity fluctuations
X, based on the stochastic process in (3.1) is developed. The following Sections concern
changes to the mean velocity my(s). In Section 3.3, the influence of traffic on the mean
velocity is described by analyzing FCD and deriving a statistical model for traffic jams
from it. Finally, in Section 3.4, stops are analyzed to derive stop probabilities and
durations for various stop reasons, such as traffic lights and traffic jams.

3.1 Velocity simulation model

In order to model velocities using (3.1), we follow the approaches described in [85,
93], where the authors derive a simulation model that uses descriptions of the driver,
vehicle, and road to generate realistic velocity profiles for a route. The following Sections
describe the general simulation procedure and the most important steps involved.

3.1.1 Simulation procedure

The velocity simulation follows a defined procedure that, considering the driver and
vehicle properties, step-by-step generates velocity profiles on a route. The route is
described by several properties along its path: the road geometry, including slope a(s)
and curvature «(s), the legal speed limit v;,4y 1. (s), the road type r,,44(s) such as city,
country, or motorway, and the locations of stop events ss, ,; with their reasons rg like
traffic lights, yield signs, stop signs, and pedestrian crossings. All these properties
depend on the position s along the route. The route properties are obtained from a
database with map data, which, given the route coordinates, can be queried and returns
the mentioned route properties. The database is provided by map data providers
such as HERE [43]. Moreover, in [85], a range of parameters is used to describe
the driver and his behavior with properties such as the tolerated accelerations and
the standard deviation of random velocity fluctuations, see Table A.2 for a complete
list. Incorporating the vehicle dynamics model described in Section 2.1, the vehicle is
described by its basic mechanical properties such as mass, power, etc., see Table A.1 for
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a complete list. Figure 3.1 gives an overview of the velocity simulation procedure. The
main steps during the simulation are described in the following.

1. Pre-processing

The road description is given by the road properties, such as slope a(s) and
legal speed limit v,y 1 (s), Obtained from a map database at predefined reference
points. For an arbitrary point, the road properties can be interpolated with respect
to the reference points using linear interpolation. As a preparation for subsequent
simulation steps, see Section 3.1.2, the route is split into segments indexed by u
where splitting occurs when the road type changes or the maximum length of a
segment is exceeded, see Figure 3.2a.

2. Generate goal velocity profile
The idea is to generate a goal velocity series that the driver tries to follow,
irrespective of limitations in longitudinal dynamics. The goal velocity

ZJgtml(s) = Uroute(s)Xs (3.2)

is assembled from the piecewise constant route velocity v, oyt (s) and a stochastic
component X, where the route velocity is the minimum of the legal speed limit
Umax,le(s), traffic speed limit ;4 ¢+(s) (see Section 3.3), maximum driver speed
Umax,dr () and the curvature velocity limit v;,4x «(s)

Uroute(s) = min(vmax,le(s)/ vmﬂx,tr(s)/ Omax,dr (5)/ vmﬂx,x(s))~ (3-3)

See Section 3.2 for a description of the stochastic component X.

3. Stop events
The positions of stop events sg; », with reason rg are taken from a map database.
Stop events are assigned a probability for a stop ps(s|rs) as well as a stop duration
distribution pr; (7s|rs) conditional on the reason rs of the stop event. When a stop
event happens, the route velocity v,ou¢(s) is set to zero at the position of the stop,
and the stop duration is drawn from pr,(7s|rs).

4. Longitudinal dynamics
The longitudinal dynamics are limited by the traction F;, and resistance F,.s forces
of the vehicle, based on the model described in Section 2.1, and the tolerated
accelerations ay jqx,4r and decelerations ay iy 4r 0Of the driver.

In Section 3.1.2, a detailed description of the process to generate the route velocity
Vroute(s) is given. Section 3.1.3 gives an introduction to available solutions for the
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Figure 3.1: Overview velocity simulation model

generation of velocity fluctuations. The last Section 3.1.4 explains how the longitudinal
dynamics are included in the velocity simulation model.

3.1.2 Route velocity

The route velocity is derived from the properties of the road. As described in (3.3), it
is the minimum of multiple other quantities, each characterizing another limit to the
velocity. The individual limits are:

1. Legal speed limit v,y 1¢(5)
The legal speed limit is given by the product of the speed limit v;;,,(s) taken from
map data, the road type, and driver-dependent speeding factor o0y jim(7r0ad(s))

which describes how closely the driver, on average, follows the speed limit and
the slope factor 0y,4(s)

Umax,le (8) = viim (S)OU,lim (rraad(s))ov,a (s). (34)

The slope factor adapts the speed to changes in the road slope a(s), which
generally means the speed is decreased on uphill sections and increased on
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downbhill sections. The slope factor 0, «(s) is given as a linear function of the road
slope

Oy,a,min if maa(s) < Ov,a,min
Ov,a(s) = maa(s) if 0v,a,min < maa(s) < 0y,a,max (35)

0v,a,max if mpa(s) > O0v,a,max

where the slope adaption coefficient m, controls the sensitivity to changes in the
road slope, while the lower 0y 4 min and upper limit 0y q,max control the limits of
the slope factor for steep road sections. The parameters #1,, 0y o,min, and 0y 4 max
are set to default values independent of the driver.

. Traffic speed limit v45 t/(5)

The traffic speed limit models random limitations of the velocity due to high
traffic densities, which are not included in the available models [85, 93]. The
newly developed approach is described in Section 3.3.

. Maximum driver speed v;,,x,4r(S)

Describes how fast, on average, the driver wants to drive on each road segment u
if there were no other limitations. This limit is especially relevant for unrestricted
segments on German motorways. For each segment, itis drawn from the truncated
normal distribution

vmax,dr,u ~ meax,dv (vmux,dr; Auvmax,dr’ O-vmux,dr’ avmux,dr’ bvmax,dv) (36)

where Uy, 4r Ovpae sy @A D are the mean, standard deviation and maximum

oz, dr
of the maximum driver speed, all three quantities are derived from measurements
of the mean velocity in unrestricted motorway segments of the respective driver.
The minima 4,,,,, ,, is set to a fixed value of 80 km/h for cars and 60 km/h for trucks
to prevent smaller maximum driver speeds, which are likely caused by dense
traffic and do not reflect the drivers request. The difference of a,,,,, ,, between cars
and trucks is due to the generally lower speeds of trucks. Figure 3.2b compares the
measured maximum driver speed distribution of one driver with the truncated
normal distribution approximation. There are distinct deviations between the
measured distribution and the approximation, primarily a density accumulation
between 120km/h and 130km/h in the measurement. This accumulation is
caused by the presence of legal speed limits in some segments in reality, which are
marked as unrestricted in the map data, leading to the mistaken inclusion of the
corresponding road segments in the analysis. Since the legal speed limit v,4y . is
separately handled in the derivation of the route velocity, see (3.3), this deviation
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in the distribution approximation is not significant for modeling the maximum
driver speed. Figure 3.2a depicts how the maximum driver speed v,y 4, changes
between road segments when drawing from (3.6). As the maximum driver speed
is not specific to the road type, it can take values significantly above the respective
speed limits, e.g., on city roads, which limits its influence mainly to motorways.

4. Curvature velocity limit 0,5y +(5)
The tolerated lateral accelerations of the driver a, yx,4- and the curvature of the
road x(s) define the curvature velocity limit

_ Ay,max,dr
Umax,K(S)—ﬂ O] . (3.7)

city countrycity

200

1 2 3 4 —— Measurements
E 150 1 0.020 4 —— Truncated normal
5]
= 2 0.015 1
2 100 4 - g
g lm(wj ci QA 0.010 4
=}
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0 2000 4000 6000 8000 10000 100 150 200
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(a) Segmentation of route into segments. (b) Distribution of maximum driver speed mea-

Splitting is done when the road type changes  surements for one driver, compared with the
or the maximum segment length, in this case ~ truncated normal distribution approximation
Linax,ci for city roads, is exceeded.

Figure 3.2: Route segmentation and derivation of maximum driver speed distribution

In Figure 3.3, an example of the components of the route velocity v,outc(s) is given. The
curvature limit vy,4y «(s) drops sharply at road bends, while the maximum driver speed
Umax,dr(s) changes randomly at every change in road type and after a certain distance.
The legal speed limit v+ 1. (s) mainly follows the speed limit of the road while taking
into account the speeding 0y 1im (*1044(s)) and slope 0, 4(s) factors.

3.1.3 Velocity fluctuations
Velocity fluctuations are a central component of the velocity simulation as they are one

of the main sources of randomness in the simulation. The goal is to simulate the random
fluctuations in velocity caused by both internal and external factors, including driver
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Figure 3.3: Components of the route velocity vroute(s) on an example route

inattention and the actions of nearby pedestrians, cyclists, and vehicles, e.g, [58]. These
influences contribute to the stochastic nature of the velocity. The velocity fluctuations
X, are modeled by a stochastic process {X; : s € S5} for the distance s along a route. In
[85], an approach for a discrete stochastic process to model velocity fluctuations is given.
The process is a discrete time series {Xti}ﬁ , of random variables X;; with constant
step width At = t; — t;_1 = const. The discrete time series can be transformed to a
discrete distance series by taking into account the goal velocity vg041(s) = Vroute(s)Xs
and summing up over all previous time steps to calculate the distance series

i-1 i-1
Si=s81+ Z Ugoal(sj)At =851+ Z Uroute(sj)thAt/ (3.8)
p =

which allows to express the velocity fluctuations X;; = X}, as a function of the distance
steps s; with non constant step width. Values of X, or vgo,i(s) respectively, between
the discrete distance steps s; can be obtained by linear interpolation.

The logarithm of the process { X }?i 1 is an AR(1) process

2
Zt,' = anz‘—l + €y, with € = N(O, Oe),

a)z)
Xy, =exp|Zy, — =,
g p( g (3.9)
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3 Stochastic velocity simulation

O¢

with the mean correction w = to ensure that E[X},] = 1. This gives two parameters

1-1?
to influence the properties of the ]Velocity fluctuations, the AR parameter 7 to set the
correlation of the velocity fluctuations and o to set the variance of the noise. Figure 3.4
gives an example of the goal velocity v4.,1(s) composed of route velocity and velocity
fluctuations. At the beginning of the route, some stop events are also added to the goal
velocity, i.e., the velocity is set to zero at the position of the stop.

Vroute (5)

Ugoal (s)

40* i

0 u T T T
0 2000 4000 6000 8000 10000
Distance s [m]

Velocity v(s)

Figure 3.4: Example of goal velocity vgnal(s) = Uroute($)Xs

3.1.4 Longitudinal dynamics

The velocity simulation dynamics module takes the longitudinal dynamics of the driver
and the vehicle into account, where the longitudinal vehicle dynamics are based on
the model described in Section 2.1. The longitudinal dynamics are simplified to only
take the main factors into account, which is sufficient to model them in the context of
velocity simulation [93]. The model calculates the acceleration of the vehicle taking
into account the goal velocity vg,, 1(s), the tolerated acceleration of the driver ay yax,dr,
and the maximum acceleration possible with the given vehicle ay yax,0en(s,v). The
acceleration

Fiy — Fres(s, v)

Myen

Ax,max,ven(S,0) = (3.10)

is derived from the resistance forces F,.;s(s, v) and the available traction force F;,, which
is a function of engine torque, power, and road friction, see Section 2.1 for more details.

The maximum acceleration tolerated by the driver is drawn for each road segment u
using a normal distribution

ax,max,dr(s) ~ N(tuux/max,dr’ Gﬂx,nmx,dr) (311)
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3.1 Velocity simulation model

where the mean and variance are estimated from various acceleration events of the
driver. To prevent a binary driving style with instant acceleration changes while driving,
the maximum driver acceleration is scaled depending on the difference Av(s) between
the current velocity v(s) and the goal velocity vg,a(s), €.g., when the driver wants to
accelerate from a standstill to the goal velocity, the acceleration decreases progressively
to ensure a smooth transition towards the goal velocity. The scaled maximum driver
acceleration is given by

a;,mux,dr(Av (8)) = 04,ar(AV(8))ax,max,ar(s) (3.12)

where the scaling factor 0, 4,(Av(s)) is defined by the bounded logarithmic function

Og,dr,min if 0a,dr < Og,dr,min
A .
04,4r(Av(s)) = { ay log (max % - ﬁx) + By if 0adrmin < 04,4r <1 (3.13)
1 if Oa,dr > 1

with the minimum factor 04 4r,min and the scale a,, @, and shift B, 3, parameters,
which are chosen to achieve the desired acceleration behavior on city, country, and
motorway roads, see Figure 3.5.
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Figure 3.5: Driver acceleration scaling factor o, 4r(Av) for city, country, and motorway roads

Algorithm 1 Iterative simulation of longitudinal dynamics

1: v(s1) « vgaal(sl)
2: fori < 2to N do

3: AS «— Sit1 —Si

4 Av vgaal(si) - v(si-1)

5 Avpossible — U(SA’.:)min(ax,max,veh(siflr U(S,‘,1)), a;,max,dr(Av))
6: o(si) min(vgoal(si)r v(si-1) + Avpossible)

7: end for
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3 Stochastic velocity simulation

The velocity series v(s) at the discrete positions sy, ..., sy along a route is determined
from the goal velocity vgo,(s) in (3.2) and the longitudinal dynamics iteratively with
Algorithm 1. Velocities between the discrete positions are then obtained by linear
interpolation. The same algorithm is applied in the reverse direction, starting from
the last distance step sy to consider the longitudinal dynamics for deceleration with
the maximum tolerated driver deceleration ay i, 4 and the maximum deceleration
possible with the given vehicle ay yin ven- Figure 3.6 shows how the vehicle and driver
dynamics influence the simulated velocity series v(s). In Figure 3.6a, a road section
with stop events and abrupt changes in the goal velocity is depicted, the velocity series
v(s) is therefore strongly influenced by the longitudinal dynamics. Figure 3.6b depicts
a road section where the goal velocity is altered by the velocity fluctuations without
any abrupt changes. In this case, the dynamics do not prevent the velocity series from
following the goal velocity, and therefore v(s) = v4,41(s) follows.
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40
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- Ugoal(s) 204 — Ugaal(s)
== o) == o)

T T T T T 0 T T T T T
76400 76600 76800 77000 77200 47000 47500 48000 48500 49000 49500 50000
Distance s [m] Distance s [m]

20

Velocity v(s) [km/h]

(a) Road section with stop events and abrupt  (b) Road section without stop events and abrupt
changes changes

Figure 3.6: Simulated velocity series v(s) and goal velocity v4,, 1(s)

3.2 Modeling of velocity fluctuations

As described in Section 3.1, there is a stochastic component within the velocity
simulation to model random fluctuations of the velocity profiles. These fluctuations
result from internal and external influences, such as the driver’s inattentiveness and
the behavior of surrounding pedestrians, bikes, cars, etc., which all cause the velocity
to contain a stochastic component [58]. The stochastic component is given by the
discrete stochastic process {Xti}f\i ;- The approach given in [85] uses a logarithmic
AR(1) process to describe X}, see (3.9). Although this approach allows modeling of
the general characteristics of velocity fluctuations on a wide range of driver, car, and
route combinations, it shows some deficiencies. These are addressed in the following
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3.2 Modeling of velocity fluctuations

Sections to build a more general model of human driving behavior. The remarks of
these Sections are already published in a compact form in [113].

3.2.1 Data preparation
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(a) Velocity profile of a trip (b) Velocity profile of a window

Figure 3.7: Example of velocity profiles

Following [85], we aim to model the velocity fluctuations by a stochastic process { X, f\i 1
which is piecewise stationary, meaning that for a fixed time interval the criterion for
stationarity is fulfilled. To identify the model and its parameters for one driver, a
dataset with approximately 5000 km of velocity profiles from one driver is analyzed.
However, on long time intervals, the measured velocity profiles, see Figure 3.7a, show
instationary behaviors, such as changes in mean, variance, and correlation, caused
by acceleration spikes or stop events. To handle this, the profiles are split into short
windows to approximately achieve stationarity, see Figure 3.7b, whereby windows
with non-stationary characteristics are filtered out. The procedure to achieve this is
described in the following.

To extract the fluctuations from the measured velocities of each window, they are first
discretized into steps of At = t; — t;_1 = 1s and then normalized, logarithmized, and
centered

Xt,' = %/
Z, =log(Xy), (3.14)
Zt,‘ = Zti - Z/

where 7 is the mean velocity of the window and Z the mean of the uncentered stochastic
process Z; of the window. The length of the windows is a tradeoff between having
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3 Stochastic velocity simulation

enough data points to accurately estimate the stochastic process parameters and the
justification of the needed stationarity assumption for the application of the chosen
models. For the fluctuations of a complete trip with multiple stop events, city, country,
and motorway driving, etc., the stationarity assumption is clearly violated, but locally
for sufficiently short windows, the assumption is justified, and the fluctuations can be
approximated by stationary stochastic processes.

For further analyses the window length is set to t,,; = 200s, which at ? = 50km/h
corresponds to a window length of s,,; = 2778 m. The windows are shifted by
tw,o = 25s, which allows for better capturing of short-term differences in the velocity
fluctuations compared to shifting them without overlap. The resulting database includes
approximately 9 000 windows to analyze for the investigated driver. The chosen window
length is a compromise between the amount of data available per window and the
stationarity assumption, while shortening the window shift further would increase
the amount of data to analyze without significantly improving the ability to capture
short-term differences.
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(a) Window without outliers (b) Window with outliers

Figure 3.8: Fluctuations Z;, and their difference AZ;; for one window

Analyzing the fluctuation windows reveals some issues leading to non-stationarities
in them. As depicted in Figure 3.8b, sharp drops in the velocity fluctuations Z;,, e.g.,
due to sudden braking of the vehicle, can occur and lead to instationary time series.
When differentiating the series, these drops become increasingly visible. Analyzing
the difference AZ;, = Z;, — Z,_, distribution, the drops can be identified as outliers, see
Figure 3.9b. Therefore, we compute the Interquartile range (IQR), and set the length of
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3.2 Modeling of velocity fluctuations

the whiskers of the box-plot to 3 IQR(AZ;,) = 3(q0.75(AZ+,) — G0.25(AZ+,)). The windows
in which at least one outlier

AZy, ¢ (q025(AZ1) —3IQR(AZy,), q0.75(AZy,) + 3IQR(AZY)) (3.15)

is present are dropped from the analysis. Figures 3.8 and 3.9 give the velocity
fluctuations Z;,, their difference AZ;,, and the distribution of the difference for a
window where no outliers are present and a window with outliers. After the procedure
of removing the outliers, the remaining dataset contains approximately 4 000 windows
of measured velocities, which will be used in the following for the estimation of the
driver-specific stochastic process parameters.
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Figure 3.9: Box-plot and distribution of AZ;; for one window

3.2.2 Model selection

The existing velocity fluctuation model in (3.9), using an AR(1) process with white-noise,
shows some deficiencies, as in general there are strong remaining correlations in the
residuum €y, after fitting the process. Figure 3.10 depicts the ACF of the residuum
for an exemplary window, showing the remaining correlations. Therefore, based on
the existing AR(1) model, other approaches to model the velocity fluctuations are
investigated to identify an improved one. The new model should be able to better
represent the correlation structure of human driving behavior while allowing for a
flexible parametrization to differentiate between driving scenarios such as city, country,
and motorway driving.
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Figure 3.10: ACF pe,, (7) of white-noise AR(1) residuum for an exemplary window [113]

The candidate models for the discrete process Z;, are ARMA models [71] with AR order
up to p = 3 and MA order up to g = 3. Additionally, the red-noise AR(1) model [11]
is considered. The BIC is used to judge the quality of the model fits, see (2.39) for its
definition. The BIC is calculated for all N, velocity windows. To assess the overall fit
of a model, the mean of all BIC values from the windows is taken

Ny
BIC = Z BIC,,. (3.16)
w

Table 3.1 gives the mean BIC values for the investigated p and g combinations as well
as the red-noise AR(1) model. The models are fitted with a MLE approach as described
in Section 2.2.2.

plg— 0 1 2 3 red-noise AR(1)
0 -100 —345 —-551 -699
1 —868 -995 -1032 -1040 1014
2 -1026 -1047 -1045 -1042
3 -1045 -1043 -1034 -1033

Table 3.1: Mean BIC values for different ARMA and red-noise AR(1) models

The best fit is achieved with an ARMA(2, 1) model. Compared to the AR(1) model
described in [85], a significant improvement is achieved. The red-noise AR(1) model
shows a comparable performance to that of the ARMA(2, 1) model. These two models
are further investigated and compared. As another indicator of the quality of the model
fit, the ACF in (2.31) of the residues is analyzed. This analysis yields an ACF for each
window where lags up to 7 = 10s are considered. Figure 3.11 depicts the distribution
of the estimated ACF of the residuum for each of the lags across all windows for the
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3.2 Modeling of velocity fluctuations

ARMA(2, 1) and red-noise AR(1) models. The ARMA(2, 1) model for all lags and across
all windows has fewer remaining correlations than the red-noise AR(1) model, which,
especially for lag 7 = 1 has remaining correlations in the residuum.

10.0 Lag 4 Lag
1 — 6 " 1 — 6
£ 759 2 —7 z 2 —7
g 501 ‘ 3 — 8 d':' ) 3 — 8
“ 4 — 9 4 — 9
257 \ — 5 — 10 \ —5 — 10
0.0 Z28 N— : 0
0.0 05 1.0 —05 00 05 1.0
ACF p(7) ACF p(7)
(a) ACF ﬁet’_ (1) of ARMA(2, 1) residuum (b) ACF ‘ﬁcri (1) of red-noise AR(1) residuum

Figure 3.11: Distribution of the ACF of the residuum per window

For each window, one sample is drawn from the two stochastic processes with their
estimated parameters for that window, see Figure 3.12a with an example for one window.
These samples are then compared to the measured fluctuations of that window. A
rainflow counting algorithm [3] is applied to each window separately. All counted
cycles are added up across all windows and summarized in a histogram without mean
correction, see Figure 3.12b. Both models achieve a good replication of the measured
rainflow histogram.
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Figure 3.12: Comparison of fluctuations between ARMA(2, 1) and red-noise AR(1) models and measurements
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Further comparisons are based on the relative error

bz

= bzfz_
€p =

= 3.17

T (3.17)
of a statistic estimated from the model draws EZ;‘I' and the measured velocity Bsz for
each window. In Figure 3.13a, the standard deviations of the velocity fluctuations are
compared. 6Zt’_ is the standard deviation of the generated sample and 6Z,. that of the
measured velocity series in the window. On average, the red-noise AR(1) model better
replicates the original standard deviation, while the error distribution of the ARMA(2,
1) model has a smaller variance. Another comparison is done based on the ACF of
the stochastic process {Z;,}. Unlike in the analysis of the residuals, see Figure 3.11,
correlations are expected here. The two models are compared based on the error of
their ACF relative to the measurement. Figure 3.13b depicts the mean of the relative
ACF error for all windows and its 95% Confidence interval (CI). Up to lag T = 6, there
is a significantly smaller mean relative error for the red-noise AR(1) model. For high
lags, there are no more significant differences.
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Figure 3.13: Relative error of standard deviation and ACF between generated and measured velocity
fluctuations

3.2.3 Truncation of stochastic processes

ARMA or related models like the red-noise AR(1) model by default have a normal
distribution, the velocity fluctuations X;,, see (3.9), thus have a log-normal distribution.
The log-normal distribution is supported on X;, € (0, o) while also having heavy tails
on the right side [29], i.e., velocities can theoretically reach any value in the range
from 0 to co. In reality, velocities are bounded by driving behavior, road properties,
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3.2 Modeling of velocity fluctuations

and surrounding traffic, i.e., velocities stay within certain thresholds even when the
vehicle’s dynamics allow higher or lower velocities. The considered stochastic processes
regularly exceed these bounds, which restricts their application in velocity simulations
due to the excessively strong fluctuations in the resulting velocity profiles. This issue is
depicted in Figure 3.14a, which shows 100 samples of v4,4/(s) created with a red-noise
AR(1) process and a route velocity of vroyre = 80 km/h. The red-noise AR(1) process is
parameterized with typical values for the given route velocity. The samples frequently
reach peaks of up to 140 km/h, which, when compared to measurements with similar
mean velocity, is significantly out of distribution. It is thus necessary to modify the
stochastic process to truncate its distribution to be consistent with velocities obtained
from measurements.
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Figure 3.14: 100 goal velocity vg,, 1(s) samples generated with a bounded and a not bounded red-noise AR(1)
process [113]

The authors in [18] describe an approach for a bounded AR process. Their approach is
based on an iterative truncation of the AR noise term €, (or (y, in the red-noise AR(1)
case) to ensure that the process Z;, stays within its bounds z and z at each sampling
step. This leads to a sharp bound on the distribution of Z, as depicted in Figure 3.15b.
In measured velocity fluctuations, no sharp lower or upper bounds are observed, the
approach from [18] would therefore lead to an unrealistic accumulation of velocities
near the bounds when sampling from the truncated distribution. In load generation
applications, this has proven to be too conservative as the share of extreme velocity
fluctuations and thus strong accelerations is overestimated. An alternative, which does
not accumulate velocity fluctuations near the bounds, is to truncate the process by
resampling until a feasible solution is found. In practice, this could lead to undesired
runtimes when the probability of achieving a feasible solution is low. By decreasing the
standard deviation o of €, at each resampling iteration until zero, a solution within a
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specific number of iterations N, can be guaranteed. In the implemented solution o,
is reduced in each iteration k using the function

ko\°
Ock = O¢,0 (1 - (Nmax) ) (3.18)

where in the following applications we set a = 10 and Ny, = 100. As depicted in
Figure 3.15a, this parametrization leads to an almost unchanged standard deviation
o¢  for the first approximately 60 iterations during which, in most cases, a feasible
solution is found. After 60 iterations, an increasingly steep decline of the standard
deviation begins, guaranteeing a feasible solution within a maximum of 100 iterations.
By choosing other values of the parameters a and N4y, the shape of the truncated
distribution can be modified. Decreasing the exponent a or the maximum number of
iterations N4y leads to a narrower distribution, while increasing them has the opposite
effect. Resulting from the resampling algorithm is a distribution of the stochastic
process Z;; which is bounded by z and z, where the distribution is not cut off at the
bounds but, as desired, is gradually tapered towards its limits while accumulating more
density in its center, see Figure 3.15b, leading to more realistic and less conservative
truncated velocity fluctuations.
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Nmax =100 z = 0.3 by the approach described in [18] and by
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Figure 3.15: Properties and distribution of truncated stochastic process
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3.2.4 Parameter modeling

As described in Section 3.2.2, sets of parameters are estimated from the velocity profile
in each window. For the red-noise AR(1) model, those parameters are the correlation
parameters 1, 0 and the white noise standard deviation o¢. For the ARMA(2, 1) model
these are the AR parameters @1, @2, the MA parameter 0; and the white noise standard
deviation o.. Those parameter sets are stored in a tuple, p,, = (1w, Ow, 0¢,w)w OF
Po = (@10, 92,0, 01,0, 0c,w)w respectively, for each window w. For the truncation of
the stochastic processes, see 3.2.3, an additional tuple zy, = (z,,, Zw)w With the minima
and maxima of the measured series {Z;,} in each window w is stored. The parameter
tuples p,, and z;, are binned according to the mean velocity 7,, of the window.

From the tuple with the stochastic process parameters p,, a multivariate distribution is
estimated for each velocity bin. The distribution is described by a multivariate normal
distribution

PP\E(PW) ~ N(th‘;r Z"’Plﬁ) (319)

where the mean vector Bps and covariance matrix p|; are estimated from the available
parameter tuples p, within the respective bin. Here, for each p, in the bin we
consider the logarithm log(o¢,w) (log(oe,w) respectively) of the standard deviation
instead of the standard deviation itself such that the conditional distribution of o¢ 4
(0¢,w respectively) with all other parameters fixed will be given by a one-dimensional
log-normal distribution. Taking the logarithm and using the log-normal distribution
provides a better fit of the distribution and ensures that no samples of the standard
deviation < 0 are drawn. Certain parameter combinations violate the stability criterion
for the two stochastic processes, as outlined in Section 2.2.1. The implementation of
the criterion for the red-noise AR(1) process is straightforward, as it only requires the
truncation of the multivariate normal distribution pp|5(p|?) to stay within the bounds
Inl < 1and |6] < 1. In Figure 3.16a, this procedure is illustrated for the velocity
bin including the mean velocities 100km/h < 7, < 110km/h, where the measured
parameter tuples p_ of the red-noise AR(1) process and the projected 1, 2 and 3-sigma
ellipses of the fitted normal distribution are depicted.

For each bin of the parameter tuples z;, the 99%-quantile g0.99(Z,|7) and the 1%-quantile
0.01(z,,|0) are determined. These quantiles are used to adapt proper bounds to the
stochastic process Z;, as described in Section 3.2.3. Taking quantiles of the minima
and maxima, the estimation of the bounds will be less sensitive to outliers, compared
to taking the absolute minima and maxima. In Figure 3.16b the histogram of the
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upper limits Z;,, and the corresponding 99%-quantile for the mean velocity range
100km/h < 9y, < 110km/h are depicted.

4 —— 99%-quantile §0.99(Zw|7)
S
R N
1 -
0 B
0.90 0.2 0.4 0.6 0.8
%'92%.95% 975 Fluctuation limit Z
7 771,000
(a) Measured parameter tuples p,, and fitted  (b) Histogram of upper limits Z;, and the
multivariate normal distribution corresponding 99%-quantile

Figure 3.16: Distribution of p,, and Z;, for the mean velocity bin 100km/h < %, < 110km/h. Figure modified
from [113].

The estimation of the multivariate normal distribution ppjs(p|?) for the stochastic
process parameters and the derivation of the lower go.1(z,,|7) and upper quantiles
90.99(Zw|?) is repeated for all mean velocity bins. Using continuous interpolation of
the parameters }IPIZ-),EPW and the bounds 4o.01(z,,|?) and go.99(Zw|?) along the mean
velocity bins they can be described as a continuous function of the mean velocity .

Each point in the diagrams of Figure 3.17 indicates the estimated parameters p_, for one
window. Cyan points are classified as outliers and are omitted in the estimation of the
mean vector fip; and covariance matrix Xp|;. Outliers are classified as such when the
parameter X, (e.g., Nw) is outside the range

lez_f ¢ (QO.ZS(XWW) -3 IQR(leﬁ)/ ‘“70.75(le5) +3 IQR(lez_J)) (3-20)

with the IQR(Xy|?) = §0.75(Xw|0) — g0.25(Xw|?) specified for each velocity bin. It can
be observed that the number of outliers is significantly increased for the ARMA(2, 1)
model compared to the red-noise AR(1) model. This indicates that the MLE parameter
estimation procedure is less robust due to the higher number of parameters of the
ARMA(2, 1) model.

Significant trends of the parameters concerning the mean velocity can be observed.
The mean of the red-noise AR(1) correlation parameter 0, for instance, increases with
rising mean velocity, indicating less random velocity fluctuations corresponding to
smoother driving behavior, see Figure 3.17a. This is sensible as on trips in urban areas,
random events are usually less predictable and on short-term notice due to the higher
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Figure 3.17: Measurements for the red-noise AR(1) and ARMA(2, 1) parameter tuples p,, . For each measured
window, a point is depicted in the diagrams along with the values of the mean vector yip; of each bin. The

diagrams also show the standard deviation of each bin, i.e., the square root of the values on the diagonal
of the covariance matrix Epj;. Cyan points are classified as outliers and are not included in calculating the
mean vector and covariance matrix.

interaction with other road users and the worse long-distance visibility. On motorways,
the velocities show higher correlations, i.e., are smoothed out, as the random events
there are usually more predictable, such as cars braking in the distance or upcoming
lane changes, and generally better long-distance visibility. Similar behavior can be
observed for the AR parameters @1 and ¢, of the ARMA(2, 1) model, which in absolute
terms also increase with rising mean velocity, see Figure 3.17b. On the other hand the
mean of the logarithmic standard deviations log(o¢) and log(ce) decreases when the
mean velocity increases, indicating a decreasing amplitude of the velocity fluctuations
with increasing velocity in line with the expectation of smoother driving behavior at
higher velocities on motorways and vice versa. No mean trends can be observed for
the parameters ) and 0; as they stay relatively constant with rising mean velocity.

The behavior of the standard deviations of the parameters with respect to the mean
velocity is less clear than for the mean of the parameters. The standard deviation
of both red-noise AR(1) correlation parameters n and 0 decreases with rising mean
velocity, see Figure 3.17a. Therefore, the difference in velocity fluctuation correlation
between windows with similar mean velocities decreases. At lower velocities, the
fluctuations can vary greatly for the same mean velocity, as someone could be driving
in a chaotic scenario with many random interactions or rather smoothly on a wide road
with minimal interactions with pedestrians, bicycles, and other vehicles. At higher
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3 Stochastic velocity simulation

velocities, driving tends to happen on increasingly similar roads (e.g., motorways),
hence the standard deviation of the fluctuation correlation parameters decreases. The
same tendency is observed for the standard deviation of the AR parameters @1 and ¢;
of the ARMA model as depicted in Figure 3.17b. For all other parameters, no significant
trends in the standard deviations can be observed.

The trends of the stochastic process bounds qo.01(z,,|7) and qo.99(Zw|?), as depicted in
Figure 3.18, follow the general tendencies observed for the stochastic process parameters
mean fip; and covariance Lpj;. As the mean velocity increases, the bounds converge
towards smaller values (in absolute terms) as driving behavior becomes smoother and
the standard deviation of the stochastic process decreases. The lower bounds go.01(z,,|7)
increase towards small mean velocities o < 50 km/h as the velocity fluctuations X;, =
vy, /0 are bounded by the increasing ratio to small velocities vy, as ¥ decreases and v,
cannot get any smaller as vy, > 0.

1.51
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E So54 ¢
3 3
=] ) Windows =
= . =
* —— 1%-quantile g0 01(z,,|7)
0.0 1
50 100 150 200 50 100 150 200
Mean velocity 7 [km/h] Mean velocity @ [km/h]
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Figure 3.18: Measurements for the stochastic process bound tuples z;,. For each measured window a point
is depicted along with the values of the lower g¢.01(z,,|7) and upper quantiles g9.99(Zz|9) for each bin. Cyan
points are outside the defined lower and upper quantile bounds.

3.2.5 Relation to vehicle dynamics

The velocity fluctuations are related to the dynamics of the vehicle, which limit the
amplitude and frequency of the fluctuations. The power that is necessary to change the
velocity rises for increasing velocity, and thus puts a limit on the parameter relationships
to the mean velocity observed in Figure 3.17. In the following Section, a theoretical
bound on the velocity fluctuations as a function of the mean velocity and the power of
the vehicle is derived.
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3.2 Modeling of velocity fluctuations

Considering a simplified version of the vehicle dynamics model described in Section
2.1, where all resistance forces are neglected, results in the force

Face(t) = myenax(t) (3.21)

needed to accelerate the vehicle with a, being equal to the inertial force. The mechanical
power needed for the acceleration of the mass 1, is given by

Pacc(t) = v(t)l:ucc(t) (3‘22)

with the force F,c.(t) and velocity v(t) > 0. The velocity and acceleration are given
by the mean velocity o, the stochastic process X; > 0 and the derivative dX;/dt which
leads to the description of the power

Pacc(t) = U(t)Facc(t)/
Pacc(t) = v(t)myenax(t),

_ _dX 3.23
Paec(t) = vXtmvehvd_tt/ ( )
., dX
Pacc(t) = mvehvzxtd_tt-

Hereafter, we consider the absolute power used to drive the system (i.e., the vehicle)

X (3.24)

e, AX; _
mvehvzxt_ = mvehvzxt ar

|Pacc(t)| = ar

as otherwise, accelerations and decelerations would partly cancel each other out, which
is not the case, as no form of energy storage within the system is considered.

The stochastic process is given in its discrete form {X;,} | which leads to the discrete
derivative of the stochastic process

dei Xt = Xy

= ) 3.25
dt ti—tiog (3.25)
The mean absolute power needed to accelerate the vehicle is
i} o0 X, — X,
|Pacel =/ PXt.(xti)mveththi S dxti/
0 ’ ti—tig
- Myen®> [~
Pacel = — | px, (x0) X, |Xs, = X | v, (3.26)
ti—ti-1 Jo 1
=2
- MyenD
|Pacc| = &E[Xh |Xti - Xt,'_1 ]/
ti—ti1
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3 Stochastic velocity simulation

with the expected value E[ X4, \Xti - Xt |] which is directly related to the properties and
the parameters of the stochastic process {X;, }f\i 1- The expected value can be expressed
as a function of the mass of the vehicle m,.;, the mean velocity 7, the mean absolute
power |Pace| and the step width of the stochastic process t; — t;_1, i.e.,

| Pacel(ti = ti-1)

= E[X: [X; — X} = 3.27
Bx., (X, ’ t t,_1|] P (3.27)

Figure 3.19a depicts the estimated expected value f x;, for each measured window of
the investigated driver and compares them with calculated values as a function of the
mean velocity o and mean absolute power |P,.|. The observed shape of the point
cloud is similar to that of the calculated curves. This observation relates to the trends
observed for the process parameters, see Figure 3.17. The log-standard deviations
log(o¢) and log(o.), for example, show a decline with rising mean velocity, as does the
expected value Bx, . The standard deviations directly relate to x, , the trends observed
in Figure 3.19a as a function of the mean absolute power |Pycc| therefore also influence
the trends observed for the log-standard deviations log(o¢) and log(o.) in Figure 3.17.
The curve characterized by the maximum power P, = 195kW of the vehicle should
theoretically never be exceeded by the measured windows. Some windows still exceed
this limit as a consequence of the simplifications in the model, including the neglect of
resistance forces and not taking into account the directionality of the maximum power,
i.e.,, limiting the braking power by the engine power P4y.

The velocity fluctuations of cars are significantly influenced by the limits of the vehicle
dynamics, as shown in the precedent analysis, as well as the behavior of the driver.
Velocity fluctuations of trucks are limited to a much greater extent by the vehicle
dynamics. In Figure 3.19b, the measured values of /3 x;, are compared to the calculated
values for a heavy-duty truck. Although the measured values show the same tendencies
overall, they are on average much closer to the curve specified by the maximum power
of 353 kW compared to the car and exceed it more frequently, thereby indicating that the
fluctuations are often limited by the vehicle dynamics, or even exceed those limits due
to the simplified model. The more frequent exceedance of the maximum power limit
for the heavy-duty truck compared to the car is also a consequence of the significantly
higher resistance forces for trucks, resulting in a greater error when these forces are
neglected.

60



3.2 Modeling of velocity fluctuations

Windows 50kW —— 150 kW + Windows 100 kW —— 300 kW
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(a) Car: mye = 1955kg, Pyax = 195 kW (b) Heavy-duty truck: my,;, = 33700kg, Pyax =
353 kW

Figure 3.19: Measurements of E[X}; |Xti =Xt 4 |] as a function of the mean velocity ¥ compared to calculated
curves for different values of the mean absolute power |Pacel, see (3.27).

3.2.6 Generation of velocity fluctuations

Based on the identified model(s), the truncation approach, and the parameter de-
pendencies, an algorithm to generate velocity fluctuations including these findings is
derived, see Algorithm 2 for an implementation of the red-noise AR(1) model. For
the ARMA(2, 1) model, the algorithm can easily be adjusted accordingly by replacing
the components concerning the stochastic process. The algorithm generates the goal
velocity vg041(8) = Uroute(s)Xs asa function of the route velocity vt (s), see also Section
3.1 for the integration into the velocity simulation. The fluctuations are generated
separately for each road segment u with the distance increments s; € S, N; = |S,|
where As = s; —sj_1 = const., see Figure 3.2a for an example of the segmentation. The
mean velocity ¥ used to model the fluctuation parameter dependence is set to the mean
route velocity of the segment, given by the harmonic mean

_ N;j

Oy =o———— (3.28)
25i€Su TromeG)

which accounts for the varying size of the time steps t; — t;_1.

3.2.7 Discussion and results

The presented red-noise AR(1) and ARMA(2, 1) models are compared against an
existing approach [85], see (3.9), and validated with velocity measurements. The results
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Algorithm 2 Generation of velocity fluctuations X; and goal velocity vg,a1(s)

1: Initialize route segment of length [, with posi- 22: Xi; — exp (Zt,. - %)
tions s; € SuN- 23: Ulgoal — Dyoute(5i-1)Xt;
2: Z'Ju(——z ! T 24 red
S €SU Vroute(s)) 25: Siy < Si-1+ v,qoulAt
3: Draw p,, ~ pph—,_(plz'}_u) with p, = (71”, Ou, 0C,ulu 26: Si o1 ¢ sip —As
4z, — 0.01(2,,|%u), Zu < 70.99(Zw0|0u) 27: while s;, —s;,_1 > € do
2: At «— 155 28 o’ - Uroure(si,r)Xti+vroute(si—l)xfi,]
P €s — o ’ goal 2
7: k<0 29: rer+1
8 Zpin « —00, Zypax — 30: Sir < Si-1+ U;,MIAt
9: while (Z,;, < Zl,) | (Zmax > Zu) do 31: end while
a
10 ogup — oc, (1 - ) 32: Si < Sir
" " Ninax 33: end while
11: O0Z,uk < OC,u,k — 7 r]i9;+17 34 Ni i
(1=my)(1-0;)(1-11 Our) 35: 7 .« aremin Z;. — @2
12: W — 074k ' i i:lg... N; f :
130 i1 o o2
14: tj «—0,5; <0 36: Zmax < ?f%m:,).( Zu =7
=1,...,N;

15: €, «— 0,72y <0

16:  whiles; < I, do 7. ke k4l

38: end while

}; i:__l t+1 LA 39: Get Xs]. for sj € Sy by linear interpolation
: i i-1 / .

19: Draw Cy; ~ NQO,0¢,uk) 40: bz]etwe(esr})t}(l_e };mrs Eésgkthf)orls_eligl Ni}

20: €t; < Oyer_y +Cy © UgoallSj route(8j)&s; j u

21: Zti “«— ’INZfH + Gti

of the red-noise AR(1) model are presented, but as the previous Sections 3.2.2 and 3.2.4
demonstrate, similar results can be achieved for the ARMA(2, 1) model. The velocity
fluctuation model alters step 2 of the velocity simulation as described in Section 3.1 by
changing the stochastic component X; in (3.2).

In Figure 3.20a we illustrate the simulated velocity fluctuations using both the existing
white-noise AR(1) model described in (3.9), and the presented red-noise AR(1) model.
Moreover, the measured velocity fluctuations for the respective route section are
depicted, revealing that the red-noise AR(1) approach can reproduce the correlation
structure of the fluctuations much better. Moreover, as an important property of the
velocity series relevant for load generation, we consider the number and amplitude of
rainflow cycles included in the series, see, for instance, [3]. To evaluate the rainflow
cycles of the velocity series, we simulate multiple routes driven by the same driver
using the velocity simulation model described in Section 3.1 and compare the white and
red-noise AR(1) models, see Figure 3.20b. Comparing the rainflow histograms indicates
that the red-noise AR(1) model leads to velocity profiles that well reproduce the number
and amplitude of rainflow cycles compared to measured velocities. When using the
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3.2 Modeling of velocity fluctuations

white-noise approach, a distinct overestimation of the number of small velocity cycles
becomes visible, a result of the improper modeling of the correlation structure leading
to more small fluctuations as visible in Figure 3.20a.

—— Measurement e, ~ N(0,0¢) —— Measurement e, ~ N(0,0¢)
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(a) Samples of logarithmic AR(1) processes with (b) Sum of velocity rainflow cycles for all trips
white- and red-noise compared to measurement of a user

Figure 3.20: Comparison of measurements to simulation with white- and red-noise AR(1) fluctuation models

Another comparison is made based on a damage sum derived from the torque load on
the drivetrain of an electric vehicle. The torque load is calculated from the measured and
simulated velocities using a system simulation that models the vehicle and its drivetrain
and, under consideration of the vehicle dynamics, outputs the respective torque series
in the drivetrain. As outlined in [113], the torque series are split into windows of length
Sw,; = 5000m and shift s, s = 54, to assess the component load. For each window w
the gear damage sum dg 4, as it could be used for gear dimensioning according to [50],
is calculated. As we only investigate the influence of the load generation on the damage
sum dg, and do not consider a particular component and its properties the damage
sum is normalized with the measured mean damage of all windows C_lc,meas and the
window length s, 1

’ _ dG,w

Gw (3.29)

Sw,laG,meas ‘
Figure 3.21 depicts the CDF of the window damage sums d;  derived from the
measured and simulated velocities of all trips of a user using the white-noise AR(1)
and red-noise AR(1) models. The stronger fluctuations of the white-noise approach
lead to an overestimation of the damage sum, while the red-noise approach accurately
reproduces the damage sum distribution derived from the measured velocities.
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Figure 3.21: Comparison of window damage sum d¢. . distributions derived from measured and simulated
velocities using white- and red-noise AR(1) fluctuation models

In Figure 3.22a we compare the simulated velocity series for a full motorway trip of
length ~ 80 km with the respective measurement, displaying a good replication of the
fluctuations in the measurement due to the correlation structure of the red-noise AR(1)
process and the flexible parameter modeling which adjusts the variance and correlation
parameters to the mean velocity. In Figure 3.22b, the rainflow histogram of the simulated
velocities is compared to the simulation result v,ut.(s) with deactivated fluctuations,
i.e., Xs = 1. Demonstrating the need for proper modeling of velocity fluctuations, as
otherwise the total number of velocity cycles is considerably underestimated.
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Figure 3.22: Comparison between simulated and measured velocity profiles
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3.3 Modeling of traffic influence

3.3 Modeling of traffic influence

The velocity simulation described in Section 3.1 does not consider any traffic influences,
such as congestion, road closures, or construction activities, on the velocity. Traffic can
influence the load on the components, as it can lead to lower mean velocities and more
stops along the route. This can have an especially big influence on motorways, as there,
the otherwise smooth driving with high velocities can switch to slow driving with high
fluctuations and many stops. We therefore focus on the modeling of traffic influences
on motorways, as this limits the length of the routes to be analyzed. Additionally,
the available database for traffic analysis is larger on motorways, and the velocity
profiles in general have a simpler structure. The analysis is further restricted to German
motorways, although an extension to other countries would be straightforward when
the necessary data is available. For further information on traffic modeling and the
underlying theory, see [31, 100].

The available data to determine the velocity driven on motorways is FCD from the
provider INRIX [48] and accompanying data collected from the Bundesanstalt fiir
Strafsen und Verkehrswesen (Federal Highway and Traffic Research Institute) (BASt)
[5] at automatic permanent counting stations on motorways, where both datasets are
collected from September 2018 to August 2019. The FCD consists of approximately
20 - 10° km of Global Positioning System (GPS) traces from roads in Germany, Austria,
and Switzerland, although only the subset on German motorways is considered. The
GPS sampling interval is variable, but for the majority of the dataset is in the range
30s — 60s. From the GPS traces, the velocities can be derived as a function of time and
position. The BASt data consist of traffic counting data collected at 2 114 automatic
counting stations, of which 1 228 counting stations are on motorways. Each counting
station is directional, and there are usually two counting stations at each location to
count traffic in both directions. The dataset contains the total number of vehicles
passing the stations in hourly resolution, thereby providing the ground truth for the
total number of vehicles at each of the stations, but no information about the velocity
of the vehicles. The counting stations are distributed across Germany in a non-uniform
fashion, in order to support decision making in traffic planning [5]. Therefore, they are
generally located more frequently in areas with high variability in traffic density and
less frequently in areas where the traffic density is low and steady. See Figure 3.23 for
the locations of all counting stations on German motorways.
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Figure 3.23: Locations of BASt automatic permanent counting stations on German motorways

3.3.1 Location and time-dependent traffic speed distributions

The traffic speed, or space mean speed, denoted as vy, (s, f1,), is defined as the harmonic
mean of the velocities of the vehicles passing a location s during a time interval ¢, and
is therefore given by

N
Uh’(sl th) = va 1

i=1 v;

(3.30)

with the number of vehicles N, passing the location during the time interval, and the
velocities of the individual vehicles v; [31]. The size of the time interval is a compromise
between the temporal resolution of the traffic speed and the available data to calculate
the harmonic mean. We chose a length of 1 hour for the interval, which is sufficient to
capture differences in the traffic speed between rush hour and light traffic. To simplify
the analysis of the available FCD and maximize the number of data points, we consider
each FCD velocity measurement at position s and time ¢ during the time interval £},
individually and set v, (s, ) = vrcp(s, t) as Ny = 1.

The traffic speed at a specific location and time interval is considered as a random
variable Vi, (s, t;) where the measured traffic speeds vy, (s, t;) in the FCD dataset are
samples from this distribution. Accordingly, the traffic speed at multiple positions
and time intervals, is described by a discrete random field {V;,(s,t;) : s € S, t, € Tn}
which is a function of the discrete time intervals t; and positions s. Ideally, one would
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estimate the distribution of the entire random field from the FCD samples, but this is
associated with certain challenges described in the following.

For a unique time interval, i.e., an hour-long interval on a specific day, the FCD
measurements contain at most a few random samples from the traffic speed Vi, (s, tj,).
To increase the available data, the time intervals ¢, are clustered according to the time
of day and weekday

ty € Ty = {Mon. 0-1 am, Mon. 1-2 am, ..., Sun. 11 pm-12 am}, (3.31)

as arepetitive pattern of the traffic speed for each week can be assumed, where we neglect
any public holidays and other singular events. Concerning the position s we cannot
apply any clustering as there is generally no similarity between the traffic speed on
different road sections. Conditional on the time £, the random field {V}.(s, t;)} becomes
a one-dimensional stochastic process { Vi (s)|t,} with respect to position s along a route.
This stochastic process cannot be assumed to be stationary, as the dependence of the
traffic speed distribution py,, (v¢|s, ;) on the position s must especially be considered
to distinguish between sections with low and high traffic density. The estimation of
the stochastic process {V;,(s)|t;} from the available data thus becomes more difficult,
especially because the FCD is often fragmented into small pieces as drivers, e.g., only
drive to the next slip road on the motorway. Therefore, it is difficult to get a sufficient
number of samples {v,(sk)|ty : sk € Sk} on a specific road segment with positions S
(e.g., from one motorway interchange to the next) in the time interval ¢, to describe the
stochastic process on this segment {V,(sk)|fy : sk € Sk}

Due to the described challenges, the correlation of traffic speed distribution is neglected
in a first step and only the stationary traffic speed distributions py,, (vt|sm, tn) for
specific positions {s,, € S, € S} are estimated from the FCD. These distributions
indicate how the traffic speed can fluctuate for a given time interval ¢, and position s,,,
e.g., due to changes in the number of vehicles, roadworks, and weather. It is therefore
not sufficient to analyze the mean traffic speed 0+(s, 1), as this would only lead to
moderate differences between different positions and times and neglect the tails of
the traffic speed distributions, which provide information about the frequency and
intensity of congestion.

The position subset Sy, is a reduction of all positions on the motorway network to handle
the amount of data that must be analyzed to derive the distributions pv,, (v¢+|Swm, th).
Instead of uniformly distributing the positions within S, on the motorway network in
Germany, the positions of the automatic traffic counting stations are used. This gives
a higher spatial resolution in parts of the network where changes in traffic speed are
more frequent, and leads to a lower resolution when traffic jams are less common and
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Figure 3.24: Total number of vehicles in a year at a traffic counting station and number of FCD measurements
at the same location

the traffic speed typically stays constant. Each position in S, is assigned all velocity
measurements within the FCD database at the respective position, taking into account
the correct driving direction. Comparison of the individual FCD velocity measurements
with the traffic counting station data allows to assess their validity, i.e., if the measured
FCD subset of all vehicles is sufficient to derive the traffic speed distribution for a given
position and time. On average, 0.75% of all vehicles passing a counting station are
included in the FCD. In Figure 3.24, the total number of vehicles per hour on Monday
from the FCD measurements is compared to the traffic counting station data, separated
by driving direction. The number of vehicles is the sum of all measurements across
a full year. The Figure depicts how the number of vehicles changes in a day, with no
significant changes in the share of FCD measurements relative to the total number of
vehicles as measured by the counting stations. For periods of low traffic, the number
of FCD vehicles drops to approximately 200 which is still sufficient to estimate the
respective traffic speed distributions. For other locations in S,, the total number of
vehicles is lower, and hence the number of FCD measurements also decreases. When
less than 30 measurements are available for a specific time t;, and position s,, the data
needs to be aggregated. Aggregation is done by first combining data from low traffic
density times, as the distribution py,, (vt|sm, ) shows little change during these times.
On weekdays, the aggregation is done from 9 pm to 5 am, on weekends from 9 pm - 7 am.
If this is not sufficient, all weekdays and the weekend are combined, as generally similar
traffic patterns can be observed from Monday to Friday and on Saturday and Sunday.
As the last aggregation step, all times are combined, leading to a single distribution
pvi, (Ver|Sm, tn) for the respective location, irrespective of the weekday and time. Of
the 1 228 analyzed locations in S, there are 9 remaining locations where, after all
aggregation steps, no traffic speed distribution can be determined.

Figure 3.25 depicts the traffic speed histograms for a location at two different times
determined with the FCD. Above the histograms are the corresponding box plots with
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whisker length 3 IQR(V},). Both histograms show a significant amount of outliers
towards high velocities > 130km/h, caused by the simplification to approximate the
traffic speed vy, with the velocity vrcp of the individual FCD cars. For this reason, in
the further analysis of the traffic speed distribution pv,, (v¢|su, ), values outside the
whiskers are classified as outliers and are not taken into consideration. This heuristic
doesn’t allow the removal of all outliers, as evident from Figure 3.25b, but removes the
strongest ones for most distributions.
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Figure 3.25: Histograms of the measured traffic speed v;, for a location s;, in two different time intervals ¢},

Both histograms in Figure 3.25 are bimodal, typical for many observed traffic speed
distributions, especially on heavily used roads at rush hour. Traffic flow near the
maximum capacity of the road is unstable, meaning that small disturbances like a slow
vehicle or an inattentive driver can cause smooth traffic to turn into a traffic jam [32,
44]. This instability causes the observed bimodality as the distribution is composed of
two distributions, one for the traffic speed in congestion and one for the traffic speed in
free flow. Gaussian mixture models (GMMs) are used to model this bimodality in the
traffic speed distribution with the PDF given by

PV;,(U[i’lsmith) = 20‘2

Doty s tn exp (_ (vsr = #1,vn,sm,th))

2
2nalrytrfsmlth Lot St
(3.32)
1- wvtrfsmrth (Utr B yzrvtrrsnzrth)
+ exp |- 5 .
[5 2
27-(0_2/Ulh5nxrth 2,0tr St
. . . 2
The parameters include the expectations (1,0, s, t4 H2,0,,,5 t, and variances oy .,

2

03 prsmt, OF the two underlying Gaussian distributions as well as the mixture coeffi-
s VLT s2m
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cient wy,, s, +,- This set of parameters for the GMM is estimated using the Expecta-
tion-maximization (EM) algorithm [22]. A GMM is fitted to the FCD for each location
su and, if enough data is available, for all time intervals ¢, otherwise, the previously
mentioned aggregation scheme is used. Figure 3.26 depicts the histograms without
outliers and the fitted GMMs for one location in the hourly time intervals from 1 pm to 5
pm. The GMM can capture the bimodality of the distribution and how it changes from
off-peak times to rush hour. When the variance of the traffic speed increases during
rush hour, e.g., 4 pm to 5 pm, outliers are not reliably removed, leading to long tails
and a worse fit of the GMM.

Monday 1 -2 pm Monday 2 -3 pm Monday 3 - 4 pm Monday 4 - 5 pm
0.04 4 —— FCD 4 — FCD 4 — FCD 1 — FCD
— GMM — GMM — GMM — GMM
S 0.03 4 1 1
B
é 0.02 g g 1
0.01 4 9 9 1
0.00 T T 1 T T i T T T T T
0 100 200 0 100 200 0 100 200 0 100 200
Traffic speed v, [km/h] Traffic speed vy, [km/h] Traffic speed vy, [km/h] Traffic speed vy [km/h]

Figure 3.26: Approximation of the traffic speed distribution pv,, (vt/|Sm, t;,) with the GMM for different time
intervals tj, at one location s,

As demonstrated by Figure 3.26, the expected dependence of the traffic speed distribu-
tion on the time interval ¢} is captured by the FCD and its GMM approximation. In
Figure 3.27a, the change of traffic speed mean p,,, and standard deviation o,,, across
the time intervals t;, on Monday at another location s,, is depicted. The traffic at
this location shows a typical commuting pattern with heavy traffic in the morning in
the considered direction and heavy traffic in the opposite direction in the afternoon.
Therefore, in the morning, the mean velocity drops sharply, coupled with an increase
in standard deviation, while in the afternoon, no significant changes to the mean and
standard deviation can be observed. Figure 3.27b shows how the mean and standard
deviation change along a motorway section at 7 am on Monday, where the section ends
with the location analyzed in Figure 3.27a. Along the route, a constant decrease in the
mean of the traffic speed and an increase in the standard deviation can be observed.
The considered motorway section leads towards an agglomeration (Stuttgart), for which
the observed decrease in traffic speed is typical.

3.3.2 Congestion length distributions

The traffic speed distributions derived in Section 3.3.1 describe the distribution
pvi, (Vtr|Sm, tn) of the random field {Vi.(s,t) : s € S,t € T} at the discrete positions

70



3.3 Modeling of traffic influence

120 L35
- 35
100
= = = 1001 L30 =
S~ = 30 ~ ~ ~
g g g g
2 god 2 =) 2
=z = = 801 =
£ Los & Ed F25 &
60 60
20 20
0 10 20 0 10000 20000 30000
Time t;, [h] Distance s [m]
(a) Traffic speed mean uy,, and standard (b) Traffic speed mean py,, and standard

deviation oy,, across the time intervals t, on  deviation ¢y, along the motorway section at
Monday at the last position on the motorway 7 am on Monday
section

Figure 3.27: Dependence of traffic speed distribution py,, (vtr|sm, t;) on time interval t;, and position s,
along motorway section from Heilbronn to Stuttgart

sm € Sy and times t;, € 7y,. Therefore, the distribution of the stochastic process
{Vi(s)|tn} conditional on the time f; at specific locations s, is also known, but for
the reasons given in Section 3.3.1 the correlations of the stochastic process between
these locations cannot be derived from the available data without further assumptions.
To simplify the problem, we neglect the influence of the traffic speed on the velocity
of individual cars on motorways for values v, > vy 1ir. For the correlations of the
stochastic process, we assume that when the traffic speed vy, drops below vy, ji, it stays
constant for a certain distance I;, before it switches to the next value. This distance, also
called the congestion length, defines how long a traffic jam is once v, < vy 1im and can
be derived from the available data. A traffic jam is defined as an event that starts when
the FCD vehicle speed vpcp drops at least 40 km/h below the speed limit v};,, and stays
below the threshold vy, ji, = 80km/h for 1000m at a minimum while driving on a
motorway. The congestion length is defined as the distance between the moment where
vrep < 80km/h and vrcp < v1i, — 40km/h until it gets back up to vrcp > 80km/h.
The assumption is that the traffic speed v;, can be approximated by the velocity vrcp
of individual vehicles. As already mentioned, we assume for simplification that the
traffic speed vy, stays constant once it drops below v;, < 80 km/h until it gets back up
to vy, > 80 km/h. Thereby reducing the correlation structure of {V;,(s)|t;} to velocity
changes where the traffic speed v, stays constant for the congestion length I;,.

In Figure 3.28a, the velocity profiles of three selected traffic jams, as extracted from the
FCD with the preceding definition, are depicted. The selected traffic jams range from
Ity = 1000m to I;; = 8000 m. From each traffic jam, the mean traffic speed o;,, defined
as the mean velocity between the start and end of the traffic jam, is derived. In Figure
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3.28b, the congestion length I}, ; of individual traffic jams i is plotted as a function of
the respective mean traffic speed 7y ;. The Figure also shows the estimated mean of the
congestion length

- 1
iy = Ne Z lir,i (3.33)

derived for 20 mean traffic speed bins k which contain N; measurements of the
congestion length /4, ; and mean traffic speed o, ; with index i € 7. For the velocity
range ¥, > 20km/h an approximately linear decrease in the mean congestion length
I;, can be observed as the mean traffic speed 0y, increases. For smaller values of
94, < 20km/h, the mean congestion length drops while the total number of measured
traffic jams decreases. Traffic jams with very low mean velocities are naturally rare, and
it is plausible that their mean length is small, as otherwise, the time spent in the traffic
jam would become unrealistically high.
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Figure 3.28: Analysis of the relation between traffic speed v;, and congestion length I,

The available data also allows for the analysis of the conditional congestion length
distribution py,, (I|9¢r) for each of the 20 mean traffic speed bins. Figure 3.29a depicts
the congestion length histogram derived from the measured traffic jams with length

Ity ;i of one bin k with 40km/h < ¥4; < 44km/h. The data is approximated by an
exponential distribution

PLty(ltrlz_)tr) = Ay exp(_Atr(ltr - ltr,min)) (3.34)

shifted by the minimum congestion length I, ;i = 1000 m where the parameter A, (54,)
is a function of the mean traffic speed. The distribution parameter A, x of a bin k is
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related to the mean congestion length Ttr,k of the same bin trough the maximum
likelihood estimator

N 1 1

, _ N =7
Zze]k (ltr,z ltr,mm) Ny Zie]k ltr,i - ltr,min ltr,k - ltr,min

Aurg = (335)

As depicted in Figure 3.29b, a similar dependence of the parameter A;, x with respect
to the mean traffic speed o, can be observed as for the mean congestion length l_tr,k in
Figure 3.28b. Values of the function A;,(9;,) between the estimates )A\t,,k of the bins are
obtained by linear interpolation, see Figure 3.29b.
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(a) Conditional congestion length distribution  (b) Estimated distribution parameters f\t rkasa
pL;, (Ltr|0¢r) for 40km/h < By, ; < 44km/h function of the mean traffic speed 7y,

Figure 3.29: Analysis of conditional congestion length distribution pr,, (I+|¢r)

3.3.3 Traffic dependent velocity profile generation

Based on the derived stationary traffic speed py,, (vtr|Sm, tr) and the conditional con-
gestion length py,, (It+|7;,) distributions realistic profiles of the traffic speed vy,(s) on
arbitrary motorways in Germany can be generated. These profiles serve as an additional
limit on the route velocity v,oute(s) as described in Section 3.1, see (3.3). To obtain
stationary traffic speed distributions at arbitrary positions s € Sk on a motorway route
segment, the distribution parameters 1,4, U2,0,, oi o7 a;v”, and wy,, are linearly
interpolated between the supporting points s, € S, for a given time interval t;,. This
yields the stationary traffic speed distribution

. 2 2
PV (OtrlS, ts 11,000,511 0 142,000,580 O1 vir,5,t07 92,0105t Wy, 5,t,) (3.36)

for any position s along a motorway route segment.
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The traffic speed profiles for a fixed time tj,; are modeled as a stochastic process
{Virs j|th,j}§\’: , with the distance increments sy, ..., sy. The traffic speed values Vi s ; are
drawn along the route at positions s; and times ¢ ; and stay constant at the drawn
speed Utr,s; ~ P{/ty(vtr,s]'lth,j) for the congestion length drawn from ltr,s/ ~ pL,r(ltr,S,. Utr,sj)
where the measured mean traffic speed 7;, in (3.34) is replaced by the drawn traffic speed

Utr,s;- When the position sj;1 = s; + ltr,sj is reached the time ¢}, j.1 = t;,j + lty,sj/vty,sj is
. . ,
updated and a new traffic speed is drawn from vty 5., ~ py, (Otr,sp. |th j+1)-

We draw from the modified distribution p(/ty (Vtr 5 ' |tn,;) instead of from the distribution
pv,, (0tr]8j, ty,j) interpolated from the FCD, see (3.36), to avoid a bias in the resulting

traffic speed distribution pv,, (05
remaining constant for a distance determined by the congestion length L;,, whose mean
conditional on the traffic speed is given by

ty,j) atlocation s;. This bias is due to the traffic speed

1

E[Ltr[vtr,s;] = Tnon)’
r r,S]'

(3.37)

Those differences in the mean congestion length depending on the traffic speed lead to
different weights being put on the drawn traffic speed samples v, s;. To account for the

different congestion lengths, the distribution py, (vtr,s;|ts,j) from which the samples are
drawn, is chosen such that the stationary distribution pv,, (v¢r,s ; th,]-) of the traffic speed

stochastic process at location s; equals the FCD traffic speed distribution py,, (vs,[sj, ts, ).

The weighted stationary distribution of the traffic speed stochastic process is given by

th,j)E[Ltr I Utr,s]']
th,j )E[Ltr I Z)tr,s]-]dvtr

’
PVH (th,S]'

o0
fO P{/“ (vtr,s]-

pv,, (Otr,s;|tn,j) = (3.38)

where the integral in the denominator is a normalization constant that can be split at
the traffic speed threshold vy, 1i,

A‘ Pg/“r(vtr’sj
Otr,lim o) (339)
:A p§/”(vtr,s]-|th,j)E[Ltr|Utr,Sj]dUtr+/ P{/”(Utr,s]'lth,j)E[LtrWtr,lim]dvtr'

Otr,lim

th,j )E[Ltr | vi’r,Sj]dvtT

For traffic speeds vy, J below vy, 1iy traffic jams are considered with the derived length
distribution pLH(ltr,sjlvtr,s /.) which depends on the drawn traffic speed through the
parameter /\H(vt,.,s].). Above the threshold the distribution of the length until the
next draw, i.e., the analog to the congestion length for Otr,s; > Utr lim, 18 assumed to
be a shifted Exponential of the same structure as pL”(lt,,Sjlvtr,s].), see (3.34), with the
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unknown parameter A4 ;i Which is a constant and not a function of the drawn traffic
speed vtys;.-

The ratio of the two integrals in (3.39) is given by the ratio of the probability below
Utr 1im tO the probability above vy, 1im
Otr,lim 7
fo i pVH(vtr,s,'Ith,j)E[Ltrlvtr,Sj]dvtV _ P(Vtr,s]- < vtr,lim“h,j)
/z::“m P{/” (vtr,sj|th,j)E[Ltr|vtr,lim]dvtr 1- P(Vtr'S/ < vtr,limlth,]’)

(3.40)

in the known stochastic process distribution py,, (v, ;1tn,7), see (3.38). Inserting (3.40)
back into (3.39) and incorporating (3.38) yields to

P;m (Utr,s]- | th,j JE[Lt| Z71.‘r,s]-]

P(Vir,s; <Otr 1im|tn,j) Uty li
5] G Z tr,lim __y .
1 + 1_P(Vf7,5j <vtr,lim|t11,j) -/(; thr (Utr’si | th’] )E[Ltrlvtr,si]dvtr

pv,, (Vtr sl tn,j) = (341)

which for a given py, (vtr,sl.|th,]-) and E[Lt,|vtrlsj] can be solved numerically for the
density pi, (vtr,;|tn ;). The density py, (0ir,s|tn,j) is given through the interpolated
traffic speed distribution obtained from the FCD, see (3.36), to obtain E[L;,|v¢/s ].], asa
function of vy, ¢ i, see (3.37).

To solve (3.41) for densities p{,ﬁ(vtr,sjlth,j) where Utr,s; > Utr lim the expected value
E[Ltrlvtr,s]-] of that traffic speed range, i.e., E[L|v¢r1im], is required. To obtain
E[Lt;|v4r,1im] Equation (3.40) can be rearranged to

/ p{/,, (vtr,s]-|th,j)E[Ltrlvtr,lim]dvtr

Otr,lim

Obr lim 1- P(Vt}’,S' < Utr,lim“h,j)
= / P{/” (Utr,s]'lth,j)E[Ltr|Utr,sj]dvtr -
0

P(Vtr,Sj < zJtr,limlth,j)

/(;U”'”m p{/tr(vtr,s/|th,j)E[Ltr|Utr,s]']dUtr 1- P(Vtr,s,- < Utr,lim“h,j) (3‘42)

E[Ltr|vtr,lim] =

o . .
P Cons o, PVis, < oucinlf]
_
E[L | ] /0 trlim p"/”('(]tr,sj'|th,j)E[Lt7’|vt7',Sj]dvti’ 1- P(Vtr,s]- < vtr,lim|th,j)
tr|Otr lim] = -
1— AUM‘,IA m p&”(vtr,s]-“h,j)dvtr P(Vtr,s]' < vtrllimlth,]')

where E[Lt|v¢r 1im] can be pulled out of the integral as it is not a function of the
traffic speed v;,. Further, p{,” (Vtrs ].It;,,j) can be determined for the traffic speed range
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Utr,s; < Utr,lim With (3.41). From the expectation E[L¢tr|v¢r, 1im ] we determine the lambda
parameter

1
E[Ltrlvtr,lim] - ltr,min

Atr,lim = (343)

of the shifted exponential distribution py,, (/¢ s |0t ].) for the distance Iy, s ; until the next
draw from P{/U(Utr,sm |tn,j+1) when Vtr,s; > Utr lim- After determining E[L¢tr|vtr 1im], the

distribution p{,t (Vtr 5 ;
r

tn ;) is fully defined by (3.38) for a given py,, (vtr,s;|tn,;)-

The previously described procedure to generate traffic speed profiles v;,(s) on German
motorways with the stochastic process { Vi s ’ [tn,;} 5\]: | is summarized in Algorithm 3.

Algorithm 3 Generation of traffic speed profiles v;,(s)

: Initialize motorway segment of length I5.¢ with positions s € Sy = [0, L4 ]

: Get all supporting points for which the stationary traffic speed distribution is available s,,x € S;; N Sk
je1

Sj 0

: Set start time t), ; (day of week and hour of day, e.g., Monday 7 am)

: while sj < lseg do

Get distribution py,, (vt/]s;, tn,js 101,55, . wvn,s/vth,j) by linear interpolation

tnj -

Derive Ay, iy, and p{/t (Utr,5j|th,j) using (3.38) - (3.43)
r

Draw Otr,sj ~ P(/”(Utr/s/-“h,j)

Draw ltr,s]v ~ PLyy (ltr,Sjlvtr,s]')

Sj+1 «— S]‘ + ln/sj

0tr(s)  prs; fors € [sj,5j41)

Ifr,S'

R S AR S

_
N e o

13: th,j+l — th,j + _Utr,Sj

14: je—j+1
15: end while
16: Nj —j

3.3.4 Discussion and results

Figure 3.30 shows multiple traffic speed profiles for two different starting times
generated with Algorithm 3 on the same motorway section as in Figure 3.27. The
samples in Figure 3.30a for Monday at 7 am show an increasing probability for low
traffic speeds vy, < vy i towards the end of the motorway section which is consistent
with the trends of the traffic speed mean i, and standard deviation o, on the same
route section at the same time, see Figure 3.27b. The traffic speed profiles for Sunday
at 7 am, see Figure 3.30b, only drop slightly below v}, i, which is consistent with the
expected low traffic density at this time.
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Figure 3.30: Traffic speed profiles generated with Algorithm 3 on the motorway section from Heilbronn to
Stuttgart for two different starting times

In the velocity simulation only traffic speeds below v, j;,, are considered as for v;,(s) >
vy, 1im the traffic speed is not expected to limit the desired route velocity vyt (s) of the
driver, see (3.3). The traffic speed limit v,4y ¢+ (s) used in (3.3) is therefore set to

vtr(s) if zJtr(s) < Utr,lim (3 44)

Umax,tr(8) = ’
maxr 00 if Utr(s) = Uty lim

Figure 3.31b depicts how the traffic speed limit v;,4y¢+(s) can change the route velocity
Uroute(s) and subsequently the goal velocity vgo,i(s) on a motorway section, compared
to the simulation results obtained without taking the traffic speed limit into account,

see Figure 3.31a.
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(a) Results without traffic speed limit V41 ¢(s)  (b) Results with traffic speed limit 4y ¢+ (s)

Figure 3.31: Route velocity vroute(s) and goal velocity vg,41(s) on a motorway section

When considering multiple motorway trips done by different drivers (approximately
32000 km), the effect of the traffic speed limit on the simulated velocity distribution can
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be demonstrated. Figure 3.32a depicts the CDF of the measured velocities on motorways
compared to the simulated velocities v(s) with and without the consideration of traffic
through the traffic speed limit v,4x ¢+ (s). The simulation results with traffic include the
traffic-related stop events added as a function of v;,4x,+,(s), see Section 3.4.1. Considering
traffic influences in the velocity simulation leads to a significantly better approximation
of the measured velocity distribution. Without the traffic speed limit, velocities of
v < 100 km/h on motorways are underrepresented by the simulation compared to the
measurements. The simulation, when including the traffic speed limit, has an increased
proportion of low velocities on motorways, where, compared to the measured velocities,
the proportion is only slightly underestimated. Another comparison is made based
on the travel time factor 74,y /Ttrip,norm Which compares the travel time 74,;, spent on
motorways for each trip with a hypothetical travel time 7ty norm Obtained by assuming
a mean velocity of 120 km/h on all motorways, see Figure 3.32b. When including the
traffic influence, the velocity simulation can better replicate the proportion of high travel
time factors occurring due to traffic. The simulation, when including the traffic influence,
can reproduce the share of strong increases in the travel time factor t4,ip/ Ttrip,norm > 2
which without the traffic influence never occurred in the simulation and only slightly
underestimates the share of moderate travel time increases 1.2 < Ttyip /Ttrip,norm < 2. It
should be noted that the period when the FCD data used to derive the traffic speed
limit v,4x - (s) was collected differs from the collection period of the measurement data
used in Figure 3.32. Therefore, any temporal changes in traffic behavior, e.g., due to
construction, are not considered in the comparison of measurement and simulation.
This difference in the collection period, together with the used modeling assumptions,
like the approximation of the traffic speed distributions in Section 3.3.1 with GMMs,
contributes to the deviations of the simulation in the velocity and travel time factor
distributions in Figure 3.32.
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Figure 3.32: Comparison of velocity simulation with and without traffic influence to measured velocities

3.4 Modeling of stop events

Stop events are part of the velocity simulation model, see Section 3.1, and occur at fixed
locations such as traffic lights, yield or stop signs, as well as due to traffic jams. The
modeling approach is split accordingly into traffic-related stop events, see Section 3.4.1,
and ordinary stop events, which generally (but not always) occur at fixed locations, see
Section 3.4.2. A stop in the following is defined as a drop of the measured velocity
below the threshold vs ¢, = 1km/h to also account for almost stops and measurement
uncertainty.

3.4.1 Traffic-related stop events

With the approach described in the previous Section 3.3, it is possible to generate
velocity profiles considering traffic on motorways. These profiles so far only consider
a reduction in the route velocity v,oute(s), see (3.3), but do not include additional stop
events caused by high traffic densities on motorways. Traffic-related stops also occur
on city and country roads, but as shown in Section 3.4.2, are difficult to classify as such,
while on motorways, stops are necessarily caused by high traffic densities. As the traffic
model described in Section 3.3 is limited to motorways, we restrict the generation of
traffic-related stops to motorways.

We assume that the position of traffic-related stops in a traffic jam is given by a Poisson
process with the stop rate Ag ;. In [85], an approach is described to model the mean
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number of stop events in a fixed distance increment, i.e., the stop rate As ,, as a function
of the traffic density p;,. The approach takes the following linear form

/\S,tr,jam

As tr(per) = . (ptr = Ptrcrit) (3.45)

Ptr,jam — Ptr,crit
with the maximum stop rate Asr jom Occurring at maximum traffic density ptr jam
and the critical traffic density py, i+ above which traffic-related stops can occur. The
fundamental diagram of traffic flow gives a relationship between the traffic speed v,
and the traffic density p;,. There exist different models for this relationship, with
Greenberg’s model [38] taking a logarithmic form

P ”’j“’”) (3.46)

Otr = Utr,qmux log
Ptr
where vy, g, is the traffic speed that occurs at maximum traffic flow gy, i.e., when
the number of vehicles passing a location within a given time interval is at its maximum.

Solving (3.46) for p;, and inserting into (3.45) yields the exponential function

A /\S,tr,]'um Ptr,jam Ptr,jam
S,tr(vtr) - o Ptr,jam ( Vtr ) B ( Otr,crit ) ’
tr,jam — i ex ex )
/ exp(%) P Utrqmax P Ot qmax
ex Otrerit —Otr \ 1 (347)
p Otr gmax
As tr(Vtr) = As tr, jam 5 ’
tr,crit _
eXp (vlhqmax ) 1

which relates the traffic stop rate As , to the traffic speed v;,. The parameters to fit the
function are the maximum stop rate Ag iy jam Which occurs when vy, = 0, the critical
velocity vy crit below which traffic-related stops are added, i.e., for traffic speeds above
Vtr crit the function Ag 4 (v4,) is set to Ag ¢ = 0, and the traffic speed at maximum flow
Utr,gmax Which controls the shape of the function.

To determine the parameters As tr jam, Utr,crit, and o4y g, of the relationship in (3.47),
a total of 863 stops on approximately 32 000 km driven on motorways in Germany are
analyzed. Motorway trips are split into windows of length I, s = 500 m without overlap.
For each window w the number of traffic stops 7s +, ,» and the mean velocity o,, are
recorded. For individual windows, the stop rate can be estimated as

ﬁS,tr,w = (3‘48)
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To improve the estimate, windows are binned according to their mean velocity. For one
velocity bin k with bin mean velocity 7 that contains Ny windows w from the set of
possible windows W the stop rate is estimated by

ZweWk ns,tr,w

3.49
Nklw,S ( )

As,tr =

The bin mean velocity 7 is used to replace the traffic speed v;,, which leads to value
pairs of (T, ﬁS,tr,k); that are used to fit the parameters As ¢y jam, Utr,crit, and o4 g,,,, Of
the exponential function Ag ¢, (v, ) in (3.47). Figure 3.33a depicts the stop rate estimates
for individual windows A s,trw, the estimates derived from the binned windows A S,tr ks
and the fitted function Ag ;(vtr). The exponential function Ag +(v;,) provides a good

fit of the stop rate A stk across the entire velocity range.

Based on the derived exponential stop rate function Ag ¢+ (v4,), traffic-related stops on
motorways can be generated in the velocity simulation using the underlying Poisson
process. The number of stops on a given motorway segment with length I;, and traffic
speed vy, is given by the Poisson distribution

(AS,trltr)ns'” exp(_AS,tr Ztr)
nS,tr! '

PN, (s tr) = (3.50)
The mean number of stops on a segment is accordingly E[Ns ¢, ] = As ¢+ Isy. The positions
85,tr,1, -+, 88,tr,Ng, Of the Ns s stops on a segment from s, to s; are drawn from the
uniform distribution

5S,tr,1s ++es sS,tV,NS,[r ~ (LI(SL?/ Sb)‘ (351)

In addition to the positions of the traffic-related stops, their durations also need
to be modeled. Figure 3.33b depicts the distribution of the duration s, of the
measured traffic-related stop events on motorways. The measured durations can be
well approximated by an exponential distribution

pTS,zy(TS,l‘T) = /\TS/H exp(_ATs,tr TS/”) (352)

with the distribution parameter Ay, and the mean stop duration %s» = 1/Ar,,.

Adding stop events to a given velocity profile changes its mean velocity, i.e., the mean
0 = Iseq/Tseq of the simulated velocity v(t) on a given route section with constant route
velocity v,oute doesn’t equal v,ou¢e as the stops reduce the mean velocity. In a section
where the route velocity is given by the traffic speed Uroute = Umax tr, see (3.3), the
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Figure 3.33: Analysis of the characteristics of traffic-related stop events on motorways

addition of stop events would therefore violate the assumption that the traffic speed
v;, equals the mean speed 7 of the section, see Section 3.3. Consequently, the stop rate
As,tr(vtr) given as a function of the traffic speed would not match the resulting mean
velocity ¥ of the section. The traffic speed limit v,,4,+, thus needs to be adjusted such
that o = v, and cannot be set to Uyax,tr = Vi fOr Vs < U4y 11y @s in (3.44).

A A
v v
Umazx,tr Umazx,tr
1
Qdec hee
1
> >
Me N e Pl—Pi¢ e
p< s P—¢ t
Tdec TS Tace Tmaz,tr

ldec lacc lm,uz:.[,r

Figure 3.34: Velocity profile with two stop events as a function of distance v(s) and time v(t)

Figure 3.34 depicts a velocity profile with two stop events on a route section with
constant traffic speed limit v;,4x 1+ as a function of distance v(s) and time v(t). Velocity
fluctuations are neglected, e.g., V¢0a1(S) = Uroute(s), and the dynamics are simplified to
constant decelerations a4, and accelerations a,.. limited by driver behavior and vehicle
dynamics. The durations and distances of the acceleration phases are

v2 v2
Omax,tr Omax,tr max,tr max,tr
Tdec = s Tace = s laec = ace = . (3.53)
Adec Aace 2a4ec 2a,¢c

The average distance driven at velocity v,4x tr On a section with length [, is

lmax,tr = lseg - AS,trlseg(ldec + lucc) (3-54)
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where As i/ [seq is the mean number of stops on the section. The average time at vyt
follows as Tpax,ir = l_max,tr [Vmax,tr. The mean duration of a traffic stop is given by
Ts,tr = 1/A1,,. The mean velocity on the section including the stops is

Lse Lse
5= —L = 8 _ (3.55)
Tseg /\S,trlseg (Tdec + Ts,4r + Tacc) + Tmax,tr

which, when setting 7 = v;, and plugging in the respective formulas, can be solved for
the stop-adjusted traffic speed limit

Adec + Agcc

2
_ 1 = 1
—As,trTs,tr + o = \/(AS,trTS,tr -3 ) —2As 1€
r tr .
withc =

. (3.56
/\S,trc AdecAacc ( )

Omax,tr,S =

Using (3.56), the case differentiation for the traffic speed limit v,,4y ¢ in (3.44) is modified
to take the additional stops into account, which leads to

Umax,tr,S if vy, (s) < Otr crit
vmax,tr(s) = {0i(s) if 04r(5) > Vgr crir and vr(s) < Otr lim - (3.57)

00 if 04,(S) = Vtr lim

The first solution of (3.56) with (+) leads to a negative distance Lna x,tr, hence only the
second solution with (-) is physically plausible. To avoid imaginary solutions, the
argument of the root must be positive, which leads to the condition

c(2Ts 1y + CcOtr) 1 c
0 <Asgtr <Agtrmax = — 1 + oo + (3.58)
TS,trUt’ S,trOtr TS,tr

for the traffic stop rate Ag;,. This condition ensures that for a given mean velocity

¥ = vy, mean stop duration 7s ¢ and accelerations a4, a4cc, the stop rate Ag 4, can also
be reached. Higher stop rates than Ag ¢ n.x reduce the mean velocity as the dynamics
of the vehicle do not permit the necessary velocity spikes between the stops to reach
the targeted mean velocity. The exponential relationship between the stop rate As
and the traffic speed vy, described in (3.47) must thus be limited with the maximum
possible stop rate Ag ¢7,max, see Figure 3.35. The limitation usually only affects trucks, as
for cars, the vehicle acceleration capability is high enough to reach the targeted mean
velocity for a given stop rate Ag r(vsr).

Combining the derived dependence of the stop rate As; on the traffic speed vy,
see (3.47), the traffic stop duration distribution pr,,(7s+) and the correction of the
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Figure 3.35: Stop rate function Ag +(vt;) and maximum possible stop rate Ag s/ qx calculated for ag,, =
Agce = 1m/s? and T4 =125

traffic speed limit 0,4« t» derived in (3.56), allows to include traffic-related stop events
on motorways in the velocity simulation. The traffic-related stops are added in the
velocity simulation using Algorithm 4, based on the traffic speed v;(s) generated with
Algorithm 3.

Algorithm 4 Generation of traffic-related stop events on motorways

1: Initialize motorway segment of length Is,¢ with positions s € Sy = [0, Is¢¢]

2: Get positions of traffic speed changes {s; : j = 1,..., N;}, see Algorithm 3

3: forj < 1toNj —1do

4: if v4r(sj) < Vir,crit then

ex vtr,crit’vlr(sj) 1
. Utr,qmax
5: /\S,t‘r,]‘ — AS/fr,jam p -
e trerit | _
(vtf’ﬂ]nmx )
(2T 1y +cotr(sf)) 1 ¢
: j— = = + =

6 /\S'tr'max'j T‘é,trv”(s]') TS,Irvtr(sj) T;”

7: /\S,tr,j — min(/\S,tr,j/ /\S,tr,mux,j)

8: Draw N tr,j ~ PN, (113 tr)

9: Draw $s,tr,j,1, s 85,tr,j,Ns 1, ~ U, 8j+1)
10: Draw Ts,tr,,1, -+ T5,tr,j,Ns 1,,; ~ PTs 1, (TS tr)

2
’AS,rr,jTS,tr+U”l(sj)J—r\/()‘s,tr,jfs,tr’vhl(sj) =2Ag,tr,j¢

11: Umax,tr(8) pEyT: fors € [Sjr 5]’+1)
12: else if v1,(s;) < vy, iy then
13: Umax,tr(s) — Utr,sl- fors € [S]', sj+1)
14: else
15: Umax,tr(s) < oo for s € [s]-,s]-+1)
16: end if
17: end for
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3.4 Modeling of stop events

3.4.2 Ordinary stop events

The map data used in the velocity simulation gives the position of traffic lights, yield
signs, stop signs, and pedestrian crossings along the simulated routes, which are all
reasons for potential stop events. The velocity simulation, as described in Section
3.1.1 and in contrast to traffic-related stops, includes these stops by assigning a stop
probability to each of those stop reasons, based on which the velocity simulation can
add a stop event at the locations given by the map data. When a stop occurs in the
simulation, the duration of the stop is drawn from a distribution specific to the stop
reason. The aim is to derive the stop probability as well as the stop duration distribution
for each of these stop reasons from data. To do so, the first step is to analyze the stops
in the measured velocity profiles and match each stop to the most likely stop reason
provided by the map data. Based on this, the measured stops can be classified according
to their assigned stop reason. The stop probabilities and duration distributions are
then derived using the classified measured stops and the information on all potential
stop events given by the map data. The analysis is restricted to stops that happen on
city and country roads, as stops on motorways must be traffic-related and are therefore
handled in Section 3.4.1.

For each measured velocity profile, the positions ss ; of the ng stops on city and country
roads, as well as the positions ss;  ; of the ns, individual stop reasons from the classes

rs € {traffic light, yield sign, stop sign, pedestrian crossing} (3.59)

are recorded. This leads to the distances ds ;,; = ss;r5,j — Ss,i between measured stops
and stop reason locations in the map data. Each measured stop is assigned to the stop
reason with the smallest positive distance

ds,irs = argminds; ; fords;; > 0m (3.60)
jIlr‘»-/nSr

as stops should generally occur before the stop reason, i.e., stops due to traffic lights
happen before the respective traffic lights, meaning that the distances ds ; ,, must be
positive. In total, ns = 25 883 stops by different drivers on approximately 33 000 km
driven on city and country roads in Germany are detected in the dataset and assigned
to a stop reason. Stops at the start and end of a trip are assigned to a separate class,
as they usually cannot be attributed to a stop reason in the map data and instead are
caused by parking and maneuvering. The distances dg ; ,; of stops with the same stop
class rs are collected and plotted in the histograms in Figure 3.36a. All histograms show
a decrease in the density towards large distances and converge to a constant value above
zero. This pattern hints that after a certain distance, the stop is unlikely to be caused by
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the assumed reason but instead is likely caused by other reasons, such as uncontrolled
intersections, road narrowings, or traffic jams. After approximately ds ¢, = 200m, the
density in the histograms stays constant or only displays random fluctuations. Stops
with distances to the next stop reason in the map data below the threshold ds ; »; < ds t1
are therefore classified with this stop reason. Stops where ds ; ,. > ds i, are categorized
as unclassified and are handled separately.

0.0151 —— Traffic light —— Traffic light
L| Yield sign 0.100 1 Yield sign
—— Stop sign —— Stop sign
0.010 A ]
% —— Pedestrian crossing g‘ 0.075 —— Pedestrian crossing
g 5
A A 0.050
0.005 -
0.025 A
0.000 —— = 0.000 1 . .
0 100 200 300 400 500 0 20 40 60 80
Distance of stop to next stop event ds; ,; [m] Stop duration T, [s]
(a) Distance of measured stops to the next stop (b) Stop duration distribution pr, s (5,rg)

reason ds,; rg

Figure 3.36: Analysis of measured stops on city and country roads

Table 3.2 lists the share ns ,; /ns of stops assigned to the different classes relative to the
total number of stops. The majority of stops are caused by traffic lights, while a total of
30.3% of stops remain unclassified. The number of stops attributed to one of the stop
classes ng s is compared to the total number of stop reasons of the same type ng;
existing in the map data of the driven routes to estimate the stop probability

nS,rs

ps(slrs) = — (3.61)

Sr,rg

Duplicate stops at the same stop reason, e.g., two stops in a queue behind a traffic light,
are part of the stop count ng ., but are not taken explicitly into account by the estimated
stop probability fs(s|rs) which is used in the velocity simulation. This means that in the
simulation, where only a single stop can happen for each stop reason, the total number
of stop reasons where the vehicle stops is higher than in the measurements, which
compensates for the lack of duplicate stops. Table 3.2 gives the estimated values of the
stop probability for the different stop classes. Some stops in the unclassified category are
probably wrongly classified and are instead caused by one of the explicit stop reasons,
leading to a systematic underestimation of the stop probabilities of the explicit classes.
In [4, 19, 102, 104], stop probabilities at stop signs at different locations in the USA and
Canada are reported in the range of 30% — 55%, depending on the location and the used
definition of a stop. The estimated stop probability js(s|stop sign) = 45% for Germany,
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given in Table 3.2, is therefore in a plausible range. For traffic lights in the USA, the
probability of slowing down or stopping is stated at 36.5% in [49], which is above the
estimated probability of ps(s|traffic light) = 23% for Germany. However, we mention
that it also includes slowing down at traffic lights and not just stopping. The estimated
stop probabilities are average values that are implicitly weighted by the number of
vehicles that pass the respective stop reasons of each class in the measurements and
do not reflect the different stop probabilities of individual stop reasons. In the context
of most load-generation applications, this simplification is tolerable, as often the total
number of deceleration and acceleration cycles caused by stops is relevant and not their
specific location.

As for the traffic-related stops, see Section 3.4.1, distributions of the stop duration
PTs, (Ts,rs) as a function of the stop class rs are derived, see Figure 3.36b. For each
class, the distribution is approximated by an exponential distribution, see (3.52), with
the corresponding estimated distribution parameter ;\Ts,ys . In Table 3.2 the mean stop
durations Ts, =1/ ;\Ts,rs are listed. The ratios of the different mean stop durations are
generally plausible, e.g., the mean stop duration for a pedestrian crossing is shorter
than for a traffic light. Compared to the mean stop durations at yield and stop signs,
the mean stop duration at traffic lights of 22 s seems to be underestimated but is still in
a plausible range relative to mean durations of around 30s given in [2, 76].

Table 3.2: Estimated properties of different stop classes on city and country roads

rs nsrs/ns  Ps(slrs)  Tsrs =1/,
Traffic light 38.0% 23% 22s
Yield sign 6.0% 37% 23s
Stop sign 1.7% 45% 18s
Pedestrian crossing | 3.6% 12% 125
Trip start/end 20.5% - 12s
Unclassified 30.3% - 13s

As unclassified stops form a significant share of all stops on city and country roads,
ignoring them would lead to an underestimation of the total number of stops in the
velocity simulation. The causes for these stops are diverse and include, among others,
uncontrolled intersections, road narrowings, and traffic jams. The reasons for these
stops cannot be modeled explicitly in the velocity simulation, instead, they are included
with a Poisson process based on the model for the traffic-related stop events, see
Section 3.4.1. The city and country portion of each trip is split into windows of length
lw,s = 500 m without overlap. For each window w the number of unclassified stops
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nsuc,w, the mean velocity 0y, and the speed limit vj;y, ,, are recorded, whereby the
speed limit is taken from map data, see Section 3.1.2. The stop rate of individual
windows /A\s,uclw can then be estimated with (3.48) from which the estimate A S,uck of
binned windows follows with (3.49). As depicted in Figure 3.37, the windows are either
binned according to their mean velocity 7, or their speed limit v;;, ,. In both cases the
estimates As , x can be reasonably approximated by an exponential function As ,.(3),
respectively As ,(v1im), based on (3.45) with the parameters As uc jam, Dcrit, and 9y,
respectively vjip crir and vy, Compared to the stop rate of traffic-related stops on
motorways, see Figure 3.33, the stop rate outliers of individual windows As ,c ,, relative

Mmax*

to the binned estimates ;\S/m’k are much stronger. Meaning that for some windows
the stop rate is much higher or lower than captured by the estimates As . x and their
exponential fit.
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Figure 3.37: Estimation of the stop rate Ag ;. from measurements and fit of an exponential function (As ;. >
0.0151/m not displayed)

Since there is no model for the traffic speed v, on city and country roads that could be
used to model the mean velocity 7, the exponential function Ag ;¢ (v ) for the stop rate
based on the speed limit, which can be taken from map data, is applied in the velocity
simulation. Following the model for traffic-related motorway stop events presented
in Section 3.4.1, unclassified stops on city and country roads are generated using a
Poisson process where the stop rate As ,c(v}i) is an exponential function of the speed
limit vy;,, of the respective city or country route segment. The number of stops on
a given segment N, with length s, and speed limit v;;,, follows from a Poisson
distribution png . (115,uc) analogue to the one for traffic-related motorway stops in (3.50)
with the mean number of stops on a segment being E[Ns ;] = Asuclseg. The stop
positions ss uc,1, -+, 85,uc,Ns .. Of the N ;¢ stops are drawn from a uniform distribution
as described in (3.51) for the traffic-related stops on motorways.
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Based on Algorithm 3 derived for the modeling of traffic-related motorway stops,
Algorithm 5 is developed for the modeling of unclassified stops on city and country
roads in the velocity simulation. In this case the correction of the route velocity v, oy
is not necessary as the stop rate Ag ;. is not a function of the mean velocity, respectively
the traffic speed vy, but the speed limit v;,, which is unaffected by the added stop
events. The stop rate Ag ;. is accordingly not limited by the vehicle and driver dynamics,
unlike the traffic stop rate Ag s which is limited by As ¢/ max, see (3.58).

Algorithm 5 Generation of unclassified stop events on city and country roads

1: Initialize city or country segment of length [s,¢ with positions s € Sy = [0, Is¢¢]
2: Get positions of speed limit changes {s; : j = 1, ..., N;}
3: forj < 1toN;—-1do

4 if v (s)) < Vlim,cri then
ox Ulim,crit’”lim(sj) 1

. p Ylim,qmax

5: /‘S,uc,j — AS/uc,jam Vlim.eri
X (,1 ‘IW,CVIf )_1
Olim, qmax
6 Draw NS,ch,j ~ PNs uc (”S,uc)
7 Draw s5,uc,j,15+++58,uc,j,Ns uc,; ~ U(Sj,5j41)
8: Draw TS,uc,j,1r e+ TS,uc,j,Ng ye,j ~ PTs ue (Ts,uc)
9 end if
10: end for

3.4.3 Discussion and results

The stop event models derived in Sections 3.4.1 and 3.4.2 are applied to simulate velocity
profiles on a set of routes. The routes are those of the measured velocity profiles that
are used to parametrize the stop event models. The stops in the simulated velocity
profiles are compared to those of the measured profiles to analyze the suitability of
the developed stop event models. All simulations are done with traffic influence on
motorways based on the methods derived in Section 3.3.

Figure 3.38 depicts a measured and a simulated velocity profile on the same route, and
the duration and reason for each stop. The simulation generates a realistic stop pattern,
which overall is similar to the measured pattern. To better compare simulated and
measured stops and account for their stochasticity, which permits an exact replication
of any velocity profile, aggregate metrics are derived. The simplest one is the mean
stop rate for each of the stop classes

(3.62)
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Figure 3.38: Stops in a measured and a simulated velocity profile on the same route

with the total number of stops of each stop class n1s ,; and the total length of the analyzed
set of routes l;ot) & 65000km. Table 3.3 lists the different mean stop rates As ;. meas
and A s,rs,sim derived from measured and simulated velocity profiles, and the relative
error of the simulation

~ _ AS,rS,sim - /\S,rs,meas
/\S,rs - 1 :

(3.63)

/\S,rs,meas

Stops at the start and end of the trips are excluded from the analysis, as the velocity
simulation does not take parking and maneuvering stops into account. Additionally,
some measured velocity profiles are missing data at the beginning or end of the trip
due to the properties of the measurement system, which also prevents comparisons
between simulation and measurement. The mean stop rates of the simulation are all
in the same order of magnitude as the ones derived from measured velocities. Besides
statistical errors in the estimation of the stop probabilities, some of the differences
between simulation and measurement can be attributed to slight differences in the
routes used in the simulation and those driven in the measurements. Those differences
are caused by inaccuracies in the GPS signal or errors in the map data, which can
lead to deviations in the simulated routes derived from the measured GPS traces. The
unclassified stops on city and country roads, and the motorway traffic stops are subject
to additional errors as their models require more assumptions. Both are based on an
exponential fit of the stop rate as a function of the traffic speed or speed limit, see Figures
3.33a and 3.37b, where the quality of the fit influences the resulting number of stops
in the simulation and thus the mean stop rate. The strong deviation of the mean stop
rate of the traffic-related motorway stops is primarily caused by the underestimation
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of the share of small traffic speeds v, on motorways in the simulation, as depicted in
Figure 3.32a. This then leads to an underestimation of the number of motorway stops
and thus the motorway mean stop rate due to the dependence of the stop rate As s, on
the traffic speed vy,.

Table 3.3: Comparison of mean stop rate A, for different stop classes rs estimated from measured and
simulated velocities on the same routes

rs iS,rg,meas /_\S,rs,sim 6/15',5
Traffic light 1.18-107*1/m 1.18-107*1/m —0.43%
Yield sign 1.89-10°1/m 2.42-10°1/m  28.22%
Stop sign 545-10°1/m  6.20-10°1/m  13.76%
Pedestrian crossing | 1.15-10°1/m 1.33-10™1/m  15.3%
Unclassified 9.43-10°1/m 1.25-107*1/m 32.38%
Motorway traffic | 8.067-107°1/m 1.59-107°1/m -80.31%

In Figure 3.39a the mean stop rate per trip

nS,trip

/_\S,trip = (3-64)

ltrip

with the number of stops per trip ns +,i, and the trip length [}y, is compared between
simulation and measurement. Overall the CDF of the simulation shows good agreement
with the measurements, only the very high mean stop rates per trip of Ag iy >
1.5-107% 1/m occurring in some measured trips are not reproduced by the simulation.
The trip stop time ratio s trip/Tirip compares the time spent in stops 7s t,i, with the
total travel time of the trip 7;;p. As for the trip stop rate A s,trip the share of very high
ratios Ts trip/Tirip > 0.2 is underestimated. The derived stop models are based on mean
values, e.g., the estimated stop probabilities at traffic lights only apply to the average
traffic light passed, and the stop duration distributions are also not specific to individual
locations. This property prevents the models from taking outliers, such as trips on
routes with many stop reasons which have high stop probabilities and long mean stop
durations, and therefore cause high ratios of A s trip and Ts trip / Ttrip, into account. Thus,
in the context of virtual load generation, where the individual trip in which a stop
occurs is generally not relevant, the derived methods and their estimated parameters
enable a realistic reproduction of the effects of stop events on the component loads.
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Figure 3.39: Comparison of stop event properties in measured and simulated velocity profiles (trip length
> 20km)
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4  Uncertainty quantification for virtual
load generation

To ensure the reliability of automotive components, it is essential to understand the
expected operational loads. In the initial phases of development, virtual load generation
helps in accurately estimating these loads. Given that the driven velocity significantly
impacts many vehicle component loads, such as powertrain torque, vibration excitation,
and temperature, velocity simulation is an essential component for creating these virtual
loads. The stochastic velocity simulation described in Chapter 3 simulates velocities on
a representative set of routes for different drivers and vehicles. Using the simulated
velocities and other input quantities, the component loads are derived using system
simulations specific to the vehicle, component, and load.

As described in Chapter 3, the velocity simulation [85, 113] is a stochastic simulator
My(s,r(s), 8,) and considers various random influences to generate random velocity
profiles for a given route. The simulation generates a stochastic process

{Vs = My(s,7(s),0,) :s € S} (4.1)

where s is the position along a route composed of the positions in the set S. Moreover,
we consider different properties r(s), such as the legal speed limit, curvature, and slope
of the road as a function of the position s along the route as well as the parameter
vector 0, describing driver behavior and vehicle properties. To assess component
loads the simulated velocities are fed into a system simulation (i.e., a transfer function)
Mg (v(s), p(s), 0¢) which simulates component loads based on the velocity as well
as other inputs p(s) and parameters ;. Due to the random velocity profiles, the
component load is thus also described by a stochastic process

{T. = My(Ve, p(s),0,) : s € S}. (4.2)
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This load is associated with uncertainties from the velocity and system simulation.
The velocity simulation contributes to the load estimation uncertainty due to errors
in the simulation model and its parameters, which can be classified as epistemic
uncertainty and the inherent randomness of the simulation that contributes to the
aleatoric uncertainty. The uncertainties of the system simulation depend on the specific
application and must either be estimated based on expert knowledge or inferred
from load measurements. As these measurements are often not available for specific
applications and expert knowledge can be highly subjective, uncertainties in the system
simulation are not considered in the following sections.

Section 4.1 describes a comprehensive UQ framework to handle uncertainties of the
velocity simulation in the context of virtual load generation. This framework includes
a DoE, surrogate modeling, sensitivity analysis, parameter inference, and evaluation of
the results considering the uncertainties. Based on the UQ framework, two applications
are demonstrated in Sections 4.2 and 4.3. The first derives uncertainties of the velocity
simulation specific to the system simulation used. The second application derives more
generic uncertainties of the velocity simulation without explicitly considering a system
simulation. Parts of the content of the following sections have already been published
in [114].

41 Framework

The UQ framework provides the structure and connects the needed modules to identify
uncertainties in the velocity simulation. An overview of the framework is given in Figure
4.1. The framework is executed for the considered driver and vehicle combinations
with the associated sets of routes to identify the uncertainties in the parameter vector
0, of each driver. It is also possible to only execute parts of the framework, e.g., to
only derive a surrogate model for use in other applications, or to only identify the most
important parameters using sensitivity analysis.

The framework is based on Qols, which describe aspects of the velocity and load time
series. The Qols are usually derived by splitting the series into windows of a certain
length s, ; without overlap and then calculating statistics or application-specific metrics
u for each window w leading to the Qol gy,,. The reference samples gy e Of the
Qols are either obtained directly from measured velocities or, if they are based on the
load time series, by applying the system simulation to the measured velocities. Direct
measurements of the load series are not used because the focus is on the uncertainty in
the velocity simulation. Additionally, obtaining these measurements in large quantities
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Figure 4.1: Overview of the UQ framework. Figure modified from [114].

is often challenging, as they typically require complex setups for load measurement on
the component.

If there were a second set of velocity measurements from the same driver on the same
set of routes, the Qols per window would change as a result of random changes in
driving behavior, traffic, etc. It is thus necessary to model the Qols per window as
random variables with associated PDF

Qu,u ~ PQuu (Guw,ul 02) (4.3)

which is conditional on the parameter vector 0, of the velocity simulation. For multiple
windows with multiple Qols

Qi1 ... Qip
Q=1 : - : 4.4)
Ong --- QOnp

we obtain the joint distribution pg(g|0,). The distributions of the different Qols in
the same window Qy 1, ..., Qu,p are generally correlated and cannot be assumed as
independent. The properties of the correlated Qol distribution change for each window
as the characteristics of the velocity profiles are typically different for each window,
e.g., one window may cover a city road while the next one is on a motorway portion of
the route. The distributions Q,, for different windows w are therefore not identically
distributed but are assumed as independent as the considered windows do not overlap.

The velocity simulation parameters 6, are defined as a random variable ®, in a Bayesian
interpretation of probability, meaning that we aim to find the posterior distribution
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4 Uncertainty quantification for virtual load generation

re,(0.lq,, f) using the sample ¢, g such that the true Qol distribution pg(g) is well
approximated and the uncertainty in the simulated distribution pg(q|8,) is expressed
through the uncertain parameters @,.

4.1.1 Sampling and design of experiments

The joint Qol distribution pg(q|8,) is conditional on the parameters of the velocity
simulation 6,. To approximate the distribution pg(g|0,) and investigate the effects of
the parameters 6, a sampling approach is needed.

For the uncertain velocity simulation parameters, a uniform, uninformative prior

P@v(ev) ~ (u(ev,lr ev,u) (4.5)

is defined. The lower 0, ; and upper 0, bounds are set to threshold values estimated
from a database with velocity simulation parameters from numerous drivers to ensure
a physically plausible meaning for them. Table A.2 lists all parameters in the vector 0,
and their bounds. Depending on the considered Qols, it can be useful to exclude some
parameters as their impact on the Qols can be neglected a priori, which helps to reduce
the computational effort in the further steps of the UQ framework.

Different parameter samples 0,1, ..., 0, m are generated with a Monte Carlo sampling
strategy such as LHS, see Section 2.3.1, from the prior distribution pe,(0y). Using the
stochastic velocity simulation M (s, r(s), 05) and, if the Qol is based on the load series,
the deterministic system simulation Mg(v(s), p(s), 8¢) the parameter samples can be
propagated to the Qols. The parameters of the system simulation 6, are assumed to
be known exactly and are not considered in the DoE. To approximate the distribution
po(q|0,,;) for one parameter sample 6,, repeated executions of the simulation are
necessary to capture the randomness of the simulation. The Qol distribution can then
be approximated by the repeated samples gi), . g) ~ po(q|0,,)). Based on the
repeated samples, moments or other statistics of the distribution can be estimated
conditional on the parameter vector 0 ;.

Using repeated samples usually leads to unfeasible computing times, as for all M
parameter samples, R repetitions need to be performed, which means the simulation
needs to be executed R- M times. As described in Section 2.3.4, this is not necessary when
using GLaM surrogate models. To fit those surrogates, only one repetition is necessary,
meaning that for each parameter sample 0, ; only one Qol sample Q; ~ po(q|0y,:) is
drawn, requiring only a single execution of the simulation. The resulting dataset of a
DoE with M samples is thus given by the parameter samples {0y 1, ..., 0, M} and the
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associated Qol samples {Gu .1, ---, Guw,u,m} for each window w and Qol u. Since the
parameter samples are drawn from the prior distribution, the resulting Qol samples are
draws from the prior predictive distribution and can therefore be used to approximate
it.

4.1.2 Likelihood function

The likelihood is calculated with the measured sample

Aiiref --+ q1Pref ql,ref

ANref -+ (N,Pref qN,mf
which contains the measurements gy, for each Qol u and window w which are
samples from the true, unknown distribution pg(gq). Based on the simulated Qol

distribution per window pg, (q,,10-) we define the likelihood of the measurements per
window 4, .. by

'[:qw,r(’f(ev) = pQw(qw,ref|67J)‘ (4'7)

Due to the assumed independence of the windows, the joint likelihood of all windows
is given by their product

N
Lqref(ev) = anm(qw,reflev)' (48)

w=1

and the log-likelihood follows in the same manner as the sum of their logarithms

N
ty,, (00) = Z 10g(PQu,(qw,re flev)). (4.9)

w=1

4.1.3 Surrogate model generation

A surrogate model approximates a simulation model to reduce the number of costly
evaluations of the full simulation. As the used velocity simulation in combination with
the system simulations is a stochastic simulator, this requires a stochastic surrogate
model which allows for faster evaluation of the distribution pg(q|65,) by the approxi-
mate surrogate distribution pg(q|0,) [109]. Different stochastic surrogate models are
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4 Uncertainty quantification for virtual load generation

described in [62, 110, 112]. For our problem, we choose the GLaM [110] which is built
on the GLD [30], as described in Section 2.3.4.

As the GLaM in its used form can only be used to approximate distributions in one
dimension, a separate surrogate model is built for the distribution pg,, ,(7w,u|0,) of
each window and Qol. The lambda parameters of the GLD are given as a function of
the velocity simulation parameters 0, specific to each Qol and window, and thus the
GLaM for each Qol and window gives the approximate distribution as a function of 8,

Qw,u(ev) ~ f)Qw,u(Qw,ulev) = GLD(/\l,w,u(ev)/ Az,w,u(ev)/ AS,w,u(ev)/ A4,w,u(ev))' (4'10)

The GLaMs are build on the experimental design described in Section 4.1.1 without
replications, i.e., for each sample from the parameter distribution pe,(0,) one sample
from the conditional Qol distribution pg(g|05) is drawn. Using the MLE procedure
described in [110], the PCE coefficients c¢;, for the lambda parameters are fitted.
The polynomial degrees for the four lambdas and the truncation scheme are chosen
depending on the Qol but are constant for all windows of that Qol. It can be beneficial
for some applications to fix the shape parameters of the GLD, e.g., A3 = 0.13 and
A4 = 0.13 for the approximate shape of a normal distribution, if the shape of the Qol
distribution is already known a priori or to regularize the model and make it less prone
to overfitting [16].

In case of multiple Qols per window, their correlations need to be considered. The dif-
ferent distributions pg,, , (§w,u|0») approximated by the GLaMs are independent and do
not consider the existing correlations. To consider the correlations, a multidimensional
normal distribution

Qw = (Qw,lz Ay Qw,P) ~ N(Hw|6'0/ Ew|ev)- (4'11)

of the Qols is assumed. The conditional mean vector u |0, and diagonal of the
covariance matrix X;| 0, are given by the individual means and variances of the GLaMs

Pw| ev = (E[Qw,1| 91,], weey E[Qw,Plev])T/

diag(Xy|0,) = (GZ(Qw/ﬂ 0,),..., UZ(Qw,pl 90))T. (4.12)

To complete the covariance matrix the correlations pg, 0., between two Qols Qy 4
and Q,, , must be determined. To simplify the model we assume that the correlations
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PQuu,Qu,» are constant and independent from the parameters 0, which allows to estimate
them from the DoE dataset using the sample correlation coefficient

M = =
P Qo Qun = Ziz1 o~ B e i — o) 4.13)

\/Z?ﬁl(Qw,u,i - Qw,u)2 Z?ﬁl(Qw,h,i - Qw,h)z

with the samples gy ,.,; and g ;i from the prior predictive distribution. From the
correlations and standard deviations, follow the off-diagonal entries of the covariance
matrix

COV(Qw,u: Qw,h) = ﬁQw,u,Qw,hU(Qw,ulGU)U(Qzu,hl 0,) (4.14)

thereby completely defining the entries of the covariance matrix X, |6, conditional on
the parameter vector 0,.

4.1.4 Surrogate model validation

For validation, a second DoE with M, samples is done Where f01j each parameter
sample 0, ; we run R repetitions to obtain the Qol samples qgl), e qg) to approximate
the true distribution pg(g|0-).

Between the GLaM distribution pg,, , (§w,u|0v,;) and the distribution of the full simula-
tion po,, , (§w,ul0v,;) the empirical Wasserstein distance dws(Quw,u(65,i), leu(ev,i)) (e.g.
[51]), is calculated for each parameter sample i, Qol 1, and window w. The empirical
Wasserstein distance is computed with the R samples obtained from pg,, , (qw,u|05,i)
through repeated sampling and an equal amount of samples drawn from the GLaM
distribution pg,, , (7wl 6v,i). Each computed Wasserstein distance is normalized by the
standard deviation of the full simulation distribution ¢(Qu,.(6+,:)), which gives the
normalized Wasserstein distance

dWS (Qw,u (Gv,i)/ Qw,u (Gv,i)) .

Q8,1 Qu(B0,)) = === 16-5T5=5,

(4.15)

The standard deviation o(Qq,.(6y,)) is identical to the Wasserstein distance between
the distribution pg,, , (§w,u|0v,;) and the mean E[Qy,.(05,i)], see [110] for more details.
The normalized Wasserstein distance can thus be interpreted as the ratio between the
Wasserstein distances dws(Qu,u(05,i), Qu,u(05,1)) and dws(Qu,u(0,:), B[Qu,u(04,)]),
i.e., how much improvement is obtained by using the stochastic surrogate distribution
PQuu(qwul 0v,i) compared to a degenerate distribution at the true mean of the full
simulation.
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4 Uncertainty quantification for virtual load generation

For each window and Qol, the mean of the normalized Wasserstein distance for all
parameter samples 0, ; ~ pe,(6,) in the validation dataset is taken to derive the error
measure per window and Qol

Muyai

D d(Quu(00), Qua0o,)).  (4.16)

i=1

1

€w,u = B[d(Quw,u(®y), Qw'”(Gv))] ~ Moai

A second metric for surrogate model validation is the accuracy with which the log-
likelihood of a measurement (see Section 4.1.2) can be predicted with the surrogate
model. To calculate the log-likelihood, a reference sample is defined as the mean of the
prior predictive distribution (see also (4.21) for the posterior predictive distribution)

Qref,pr = E[Q(®,)] with P@v(ev) ~ (u(ev,lr ev,u) (4.17)

which serves as a representative measurement for which the log-likelihood can be calcu-
lated and compared between the GLaM and reference distributions. The log-likelihood
of the reference sample using the GLaM distribution pg(q|0y) is thus calculated
according to (4.9). To calculate the log-likelihood with the reference distribution
po(q|0,) of the full simulation, a Kernel Density Estimation (KDE) is applied to the
repeated samples from pg(g|6,) to approximate the PDF of the distribution. The
log-likelihoods of the GLaM (7% f,Pr(Bv,,-) and of the reference ¢, 1 (8, ,;) are evaluated
for all parameter samples 6, ; based on which the coefficient of determination R? is
calculated. This metric allows for evaluating the quality of the surrogate with a single
number that combines all Qols, windows, and parameter samples. As the metric is
based on the log-likelihood, it is particularly meaningful to evaluate the surrogate
in the context of likelihood based parameter inference, e.g., to calculate the posterior
distribution in a Bayesian framework.

4.1.5 Sensitivity analysis

Based on the derived GLaM surrogates, a global sensitivity analysis using Sobol’
indices [90], see Section 2.3.3, of the input parameters is conducted. In [111], different
approaches to global sensitivity analysis of stochastic simulators are described. We focus
on sensitivity analysis based on deterministic Qols derived from the Qol distribution
Po(q16y).

For each Qol u and window w the Sobol’ indices of the mean E[Q,, ,,|6,] and standard
deviation G(Qw/u |6,) are estimated by Monte Carlo simulations [82, 83] using the respec-
tive GLaM. Mean and standard deviation are directly obtained from the description of
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the GLD in the GLaM. The parameter space for the Monte Carlo simulations is defined
by the prior pe, (0v) from (4.5), where Mgepsi = 10* samples are drawn. To analyze the
overall sensitivity of the Qols to the parameters 0, ; in 0, = (6,1, ..., GU,K)T the mean
of the first and total order Sobol’ indices

]u = ]w,u/

(4.18)

Mz ﬁMz

ST] u = T] w,ur

w:

with respect to the N windows are defined. Mean Sobol” indices of other orders follow
analogously.

To globally analyze the importance of the parameters, taking into account all windows
and Qols, the sensitivity of the GLaM log-likelihood (’q ref by (0,) to the velocity simulation
parametersin 0, is calculated. Thelog-likelihood is computed with the reference sample
qycf,pr defined as the mean of the prior predictive distribution, see (4.17). The Sobol’
indices thus indicate how sensitive the log-likelihood of the reference sample is to
changes in the parameters.

4.1.6 Bayesian parameter inference

Using the results of the sensitivity analysis, see Section 4.1.5, the velocity simulation
parameter vector is reduced to the parameters in A, which have a significant influence
Trefpr (6y). These
parameters 0, = (0,; : j € Ay)T are modeled as a random variable ®;, while all

on the Qols and the derived quantities such as the log-likelihood 7,

other parameters (0, : j & Ay)T are set to their default values in the driver-specific
default parameter vector 0, . The default values are identified with statistics from the
measured velocities of the drivers, e.g., the parameters of the velocity fluctuations, see
Section 3.2, or taken as a guess value from experience. The aim of Bayesian parameter
inference, see also Section 2.3.5, is to obtain the posterior distribution of ®;, through
Bayes’ rule given by

pe;(01q,.p) < Ly, (6;)pe;(65). (4.19)
with the measured Qol sample g, and the likelihood LA,,M ;(07) given by the GLaM.

To sample from the posterior distribution in (4.19), the MCMC algorithm with slice
sampling (e.g. [74]), see Section 2.3.2, is employed. By drawing a sufficiently large
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4 Uncertainty quantification for virtual load generation

number of samples, the posterior distribution pe; (654, ;) can be approximated by a
KDE.

The posterior distribution contains all available information on the estimated velocity
simulation parameters, including the uncertainty of the estimate, and can be used as an
input to the velocity simulation to propagate the uncertainty to the Qols at the output
of the simulation. In some cases, it can be useful to reduce the parameter estimate to a
single number, i.e., a point estimate, which is easier to handle. In a Bayesian framework,
typical estimators are the MAP estimator

6, = arg max re;(0,14,.y) (4.20)
po

v

or the posterior expectation 0, = E[®;]q,.¢], which both can be plugged into the
velocity simulation without any modifications to the simulation chain.

4.1.7 Uncertainty propagation

The identified posterior distribution is propagated to the Qols by evaluating the posterior
predictive distribution, which, according to Section 2.3.5, is given by

6;,11
Pa(qlq,.5) = /9 ~ Pe(4l0y)pe;(059,.)d6;,. (4.21)

v,l

Through the posterior predictive distribution, the identified uncertainty of the velocity
simulation parameters pe; (0519, f) is combined with the aleatoric uncertainty of the
Qols po(q]0;) caused by the stochastic velocity simulation. The integral in (4.21) is
evaluated through Monte Carlo sampling which leads to a KDE approximation of
the joint posterior predictive distribution pg(qlq,, f) and its marginal distributions
PQuu(Gw,ulg,, f) per window w and Qol u. All simulation parameters not included in
0;, are set to their default values in 8, 9. Depending on the use-case, the computational
effort of the respective system simulations, and the available runtime, the integral in
(4.21) can be evaluated by using the surrogate model with the approximate distribution
Po(gl03) or using the distribution pg(g|0;,) obtained by Monte Carlo sampling with
the full simulation. Using the full simulation has the advantage of not introducing
additional uncertainty through the surrogate model while having the disadvantage of
requiring more runtime.

If the evaluation of the posterior predictive distribution in (4.21) is not feasible or the
information about the parameter uncertainty is not required, one of the point estimates
0, described in Section 4.1.6, is plugged into the GLaM to directly obtain the Qol
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distribution pg(q| 6.), or into the full simulation to obtain the distribution po(ql 0,)
through Monte Carlo sampling and KDE approximation.

Based on the posterior predictive distribution, further analyses can be conducted, which
include the calculation of credible intervals, means, standard deviations, and other
statistics from the posterior or posterior predictive distributions. The credible intervals
in the following are always defined as median credible intervals given by the quantiles
[9(1-y)/2/ 9(14y)/2] such that y is the probability of a value being in the interval.

Other analyses are based on the distribution of a Qol u across multiple windows
within a sample g, ; drawn from the posterior predictive distribution pg,(q,9,.s) or
if uncertainties of the parameters are not considered from the distribution pg (q,|0-)
where, e.g., the default parameter vector 8, or the point estimate 6., are plugged in
for 6,. A sample from the posterior predictive distribution is denoted as g, ;(q,.(),
while samples from the distribution pq,(4,]0,) are denoted as g, ;(6,), respectively

qu,i(ev,O) and qu,i(é;)

From the sample g, ; random windows w are drawn which defines the random variable
Q. with distribution p 6.(qulq, ;) conditionalon gq,, ;. The samples q,, ; are realizations of
the Qol Q,, for each window when the driver drives once across all considered routes and
the derived windows. The distribution py (4|9, ;) thus gives the probability of the Qol
reaching a certain value in any of the windows, i.e., in any part of the considered routes,
which can be compared to the distribution of the measured Qol values pg (7ulq,, ,. f)
on the same routes. By drawing multiple samples g, ;, to consider the parametric
uncertainty and the randomness of the velocity simulation, multiple distributions
P5,(Gulq, ;) can be derived. Thereby allowing the construction of Probability-boxes
(p-boxes) which give upper and lower bounds on the probability distribution of Q.
The available windows w € {1, ..., N} are a sample from the set of all windows of all
routes driven during the lifespan of a vehicle. The uncertainty regarding the measured
sample on the available window set with the distribution p5 (4ulq, ,. ) is thus reducible
through more measurements, i.e,, it is epistemic. This uncertainty is captured by the
width of the p-box which not only captures the epistemic uncertainty of the parameters
but also the epistemic uncertainty caused by the size of the route sample which leads
to larger differences in the samples g, ; for shorter route sets with fewer windows.

In many virtual load generation use-cases, cumulative damage sums are the relevant
Qol. Therefore the mean

ﬁlhl' %Mu i N Z Jw,u,i (4.22)
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or the sum of the Qol values per window, derived from the samples g, ;, is of particular
importance. Considering multiple samples of 4, ; leads to an approximation of the mean
distribution p 3. (§u) which considers the parametric uncertainty and the randomness
of the velocity simulation in combination with the uncertainty caused by the length of
the chosen route set and can be compared to the measured mean Jure f- Here, mean
distributions derived from the posterior predictive are denoted as p B, (Gulq,, ), while
distributions derived from pg, (q,|0-) are denoted as p B, (§ulBo).

4.2 System simulation specific Uncertainty
Quantification

The UQ framework described in Section 4.1 is applied to a specific use-case with a fixed
system simulation and the associated Qol. The derived surrogates, sensitivities, and
parameter uncertainties are therefore specific to the chosen Qol. This procedure leads
to results tailored to the specific application, i.e., the identified parameters and their
uncertainties are adapted to the used Qol, but the results are not transferable to other

Qols.

4.2.1 Simulation setup

The considered Qol is given by the torque load on the drivetrain of an electric vehicle.
However, we note that the developed framework can be applied to any other load
case, and as described in Section 4.1, also to multiple loads and their Qols at once.
The system simulation M, (v(s), p(s), O¢) is a model of the vehicle and its drivetrain,
which, under consideration of the vehicle dynamics, outputs the respective torque in
the drivetrain component. The inputs p(s) include the slope of the road given by the
map data, while the parameter vector 8, defines the properties of the vehicle. Unlike
the parameters of the velocity simulation 0, the parameters of the system simulation
are modeled without uncertainty. If their uncertainty is known from other analyses,
it can be included in addition to the velocity simulation parameter uncertainty in the
uncertainty propagation step, see Section 4.1.7. The Qol is based on the normalized
gear damage sum d;, = per window described in Section 3.2.7, with window length
Sw,; = 5000m and shift sy, s = 54,1. Due to the exponential form of the damage sum, its
logarithm

Judc = log(dé;’w) ’

(4.23)
Qi = (@1, qn)7,
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is considered as the Qol, respectively, the derived random variable Q , to consider the
stochasticity of the velocity profiles. In the following we drop the index d¢ as only a
single Qol is considered, i.e., @ = Q. The reference measurement g, is obtained
by applying the torque simulation Mg (v(s), p(s), 0¢) to the measured velocity profiles
while using the same road properties p(s) and parameters 6 as for the simulated
velocities. The schematic simulation chains to derive the Qol using simulated and
measured velocities are depicted in Figure 4.2.
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Figure 4.2: Setup of the torque simulation with simulated and measured velocities

4.2.2 Numerical results

The simulation setup described in Section 4.2.1 is applied to 18 different drivers, which
all drive on the same 216 km long route set, where for each driver a set of velocity
measurements on the route set is available for analysis. The subsequent steps of the
UQ framework are applied to all drivers, leading to a different posterior distribution
of the velocity simulation parameters for each driver. The procedure and its results
are presented below for one of the drivers as an example, although the results for the
surrogate model and the sensitivity analysis are identical for the different drivers, as
the used prior distribution and route set are the same for all drivers. Finally, for all
drivers, the aggregate results of the identified posterior distributions and the resulting
mean distributions p é(ﬁl qre f) are compared to the default parameters and the mean
distributions p é(tﬂ 0,,0) obtained with them.

Surrogate model generation

A DoE with M =1 000 samples without replications is run with the velocity and torque
simulation described in Section 4.2.1. The velocity simulation parameter samples
05,1, ..., 0y,m are drawn from a uniform prior distribution, see (4.5), and Table A.2 for
the bounds on the distribution. Considering all 36 velocity simulation parameters in
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Table A.2 would be unfeasible due to the very high number of required parameter
samples for a sufficient surrogate model fit. Using expert knowledge, the parameter
space can be reduced to 9 parameters which have a potential influence on the torque
profiles and thus the gear damage sum based Qol, see (4.23), while all other parameters
are assumed to be irrelevant with respect to the considered Qol. The considered
parameter vector 8, is therefore reduced to those 9 parameters

— . . T
00 = (Hay pararr Hax minar» Ov,cis Ov,c0/ Ov,mos Hociog.cir Bog iog,c0r Hog,iog,mos Bopaea)  (4.24)

which are modeled as a random variable ®, while all other parameters are set to their
default values in 0, 0. The reduction to 9 parameters helps to limit the required number
of samples to fit a surrogate model with sufficient accuracy, and therefore brings the
computational effort to an acceptable level.

The velocity simulation, and subsequently the torque simulation, is run on the route
set for each of the DoE parameter samples. The resulting torque profiles are split into
N = 41 windows, where for each window the Qol in (4.23) is calculated, leading to
the Qol vector g = (g1, -.., qN)T. The resulting parameter sample set {01, ..., O, M}
and the associated Qol samples {q, ..., ,,} are used to fit a GLaM for each of the Qol
distributions per window g, (7w|0+) with the methods described in Sections 2.3.4 and
4.1.3. The polynomial degrees of the PCE of the four lambdas of the GLaM are set to
p1=2,p2 = p3 = ps = 1 while q1 = g2 = g3 = q4 = 1 for the full polynomial basis in the
truncation sets {A; : [ =1, ...,4}.

Surrogate model validation

The second DoE for validation, see Section 4.1.4, is run with M, = 100 parameter
samples and R = 1 000 repetitions for each parameter sample. Figure 4.3 compares
how the mean p, and the 50%, 75%, and 90% credible intervals of the distributions
P0.(qw|0-) and pg, (7.|0,) differ for a fixed value of the parameter vector 8, along the
different windows of one of the routes. The GLaM distributions show some deviations
from the reference distributions, but overall, the differences in mean and variance
between the windows are well reproduced.

Between the GLaM pg, (7x|0+) and reference po, (4|6,) distributions the normalized
Wasserstein distance according to (4.15) and subsequently the error measure per window
€w, see (4.16), is calculated. Figure 4.4 depicts the distribution of the error measure €,
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Figure 4.3: Comparison of reference pg,, (7w|6v) and GLaM pg,, (7| 6+) distributions with a fixed parameter
vector 0, for different windows along a route. The center line is the mean p;, and the different color shades
indicate the 50%, 75%, and 90% credible intervals of the distributions. Figure modified from [114].

across all windows. For most windows, an error €, < 0.5 is observed, where the mean
error of all windows is

N
1
= Z €w = 0.55. (4.25)
w=1

When the GLaM is slightly modified by assuming normality of the distributions
P0.(qw|0v), i.e., A3 = A4 = 0.13, the mean error measure increases slightly to € = 0.58.

04 0.6 0.8 1.0
Error measure €,

Figure 4.4: Distribution of the error measure €;,. Figure modified from [114].

Using the reference measurement derived from the prior, see (4.17), the log-likelihood is
calculated according to (4.9) with the reference and GLaM distributions for each of the
Moy, = 100 parameter samples 0, ; in the validation dataset. The resulting coefficient
of determination for the comparison of the likelihoods equals R? = 0.51. When we
simplify the GLaM by using the normality assumption and setting A3 = A4 = 0.13 the
prediction is improved to R? = 0.81, see Figure 4.5b. As shown in the analysis of the
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normalized Wasserstein distance, there is only a slightly better approximation of the
distributions pg, (4| 0») when using the full GLD. Additionally, through the normality
assumption, the model is regularized and less prone to overfitting, contributing to the
improved prediction of the log-likelihood. Due to these reasons, all further analyses
are carried out with the simplified GLaM which assumes a normal distribution of the
surrogates per window pgo, (7w|00).
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Figure 4.5: Comparison of log-likelihood .. f,Pr(ev/i) for different validation samples 0, ; between the

reference solution obtained by a KDE approximation of repeated samples and the GLaM surrogate model
[114]

Sensitivity analysis

Using the simplified GLaM, the Sobol” indices based sensitivity analysis is conducted
to investigate the influence of the velocity simulation parameters on the gear damage
sum based Qol. Figure 4.6 depicts the total order Sobol” indices St along a route
calculated for the mean E[Q,|0,] and the standard deviation 6(Qy|05), see Table A.2
for a description of the different parameters 0, ;. For this route, the mean E[Qu|6,] of
most windows is strongly influenced by u;_ ... ., The standard deviation 7(Quw|6,), on
the other hand, is influenced by various parameters depending on the window.

To analyze the aggregate sensitivity of the Qol to the parameters, the mean first and
total order Sobol’ indices for E[Qq|0,] and 6(Qy|605) are calculated according to (4.18).
Overall, the mean E[Q,,|0,] is mainly sensitive to Hay mar 4, While the standard deviation
0(Qw|@y) is primarily sensitive to Hay mingy @0 Uy, .., see Figure 4.7. For both mean and
standard deviation, there is little difference between the mean first S i and total order
Stj indices, indicating no significant couplings of the velocity simulation parameters
0,.
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Figure 4.6: Total order Sobol” indices St ¢, along a route for E[Qw|05] and 0(Qw|6o). Figure modified from
[114].

The parameters ;. .., and g . .. influence the acceleration and deceleration behav-
ior of the driver, which is strongly related to the torque in the drivetrain and thus the
investigated gear damage sum based Qol. Both parameters are therefore expected to
strongly influence the mean E[Qw|6-] and standard deviation G(leev) of the Qol
distributions per window. The mean E[Qw|0,] is mainly influenced by the mean of the
maximum driver acceleration y, .., which has a direct impact on the torque signal
and thus the gear damage sum based Qol when accelerating the vehicle. The mean of
the maximum driver deceleration y,,,,, ,, on the other hand only slightly changes the
torque signal as the recuperation of the electric motor when braking is limited but it
still impacts the standard deviation G(le 0,) strongly as it influences the number of
potential acceleration events in a window which is limited by how often the vehicle
can accelerate again after it first needs to decelerate to a certain velocity. The mean of
the maximum driver speed y,,, ,, also doesn’t directly influence the torque signal but
through the influence on the mean velocity of the driver (especially on motorways) it
impacts the duration and frequency of the driver accelerating and decelerating, and
thus similar to the parameter y,, . , the standard deviation (Quw|6o).

~

In the sensitivity analysis of the log-likelihood £, (6y), the first S; and total order St;
Sobol” indices indicate a strong influence of the three parameters g, ... 47 Hay pin,o, @A
0v,ci, see Figure 4.8a, the first two of which were also the strongest influence factors in
the sensitivity analysis of mean E[Qw|0,] and standard deviation 0(Qy|65). The offset
0y ,¢i influences the mean velocity driven in the city and has similar effects on the gear
damage sum as the parameter y,,,,, ,, mentioned before, but with a focus on city streets.
The values of the first and second-order indices are significantly different, indicating
higher-order coupling effects. Figure 4.8b depicts the second order Sobol” indices
Sij with a strong coupling effect between y,, .., and pa, .. ... The log-likelihood is
usually a non-linear function in which the interactions between the parameters can lead
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to stronger changes in the log-likelihood than the parameters in isolation, which leads
to the observed second and higher order coupling effects in the Sobol” indices.
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Bayesian parameter inference

The reduced parameter set for which the posterior distribution pe;, (854, ¢) is identified
contains the parameters in

Av = {lu”x,mux,dr’ Auﬂx,min,dr’ O‘U,Ci} (426)

which have the most influence on the log-likelihood based on the Sobol” indices. The
reduction is performed based on the sensitivities of the log-likelihood as it naturally
takes all windows into account and is itself a central component of Bayesian inference.
The posterior distribution is identified for each of the 18 drivers where for each driver
a different set of reference measurements q,,¢ = (q1,ref, - N re £)T for the N = 41
windows of the considered route set exists. A KDE of the posterior distribution for
one of the drivers, marginalized to one and two dimensions, is depicted in Figure
4.9. The black diamonds and lines indicate the default values of the parameter vector
0,, of the respective driver, compared to the red diamonds and lines for the mean
of the posterior predictive 6., For Hay inay @0d 0y i, the default values are within the
posterior distributions. The posterior distribution of y,, .., is bounded to the left due
to the lower bound of the prior distribution 05, to keep the parameter values within a
physically plausible range.

Posterior pe, (60]4,, j)

5.0 4
3 ¢ Posterior Mean 0,
& 2.5 1 k ¢ Default 0,
=

0.0 1

\
'

|
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Hay in,ar
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Figure 4.9: Joint posterior distribution pe: (6514, f) marginalized to one and two dimensions compared to

the default values 6,9 and the posterior mean 9; of the parameter vector of the respective driver. Figure
modified from [114].
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4 Uncertainty quantification for virtual load generation

In Figure 4.10a, the posterior mean and the 95% credible interval for the parameters
Hay pax,er a0 Ua, ;. . are compared to their default values for all investigated drivers. The
default values are estimated directly from the velocity profiles of the individual drivers
with the aid of heuristics and, in contrast to the posterior distributions determined for the
parameters, do not allow for a description of the estimation uncertainty. The identified
posterior distributions of the mean of the maximum driver acceleration y,, ., are
in a range similar to the default parameters of the respective drivers, indicating that
both, the method used to derive the default parameters, and the Bayesian framework,
lead to suitable values with a similar ranking of the drivers. Additionally, the posterior
distribution provides the advantage of incorporating uncertainty in the parameter
estimation results. As shown in the sensitivity analysis, see Figures 4.7 and 4.8, g, ... 4
is the most influential parameter on the investigated damage based Qol, making the
identified values of this parameter especially relevant.

For the mean of the maximum driver deceleration y,,,,, , the posterior distributions
mostly deviate from the default parameters and the uncertainty as expressed by the
credible intervals is larger than for the parameter y,_ .. ,,- The deviation of the posterior
distributions of y,_ . , indicates a possible error in the default parameter estimates
or the simulation model itself, which is compensated in the posterior estimates. The
higher uncertainty in the estimates of y,_,,, , compared to y,_ .., is likely due to the
lower sensitivity of the Qol to ,, ,,,, ,,, especially for the mean, see Figure 4.7a, leading
to less clear parameter identification results.

The velocity offset on city roads 0, ; is a separate case, as the default parameter values
are not identified from data since the parameter cannot be directly measured from the
velocity profiles. Instead, a rough estimate is used for the default parameters, which
is identical for all drivers, hence, in Figure 4.10b, the identified posterior distributions
are compared between the different drivers and not to the default values. In this case,
the UQ framework provides the advantage of identifying unique parameter estimates
for the different drivers, which can replace the generic default parameter estimates that
are not based on data.

Uncertainty propagation

The posterior predictive distribution in (4.21) is evaluated for each driver by running
the full simulation chain with 1 000 samples from the respective posterior distribution
of each driver. The posterior predictive pg(qlq,,s) is compared to the distribution
Po(g|0.,0) obtained by repeating the full simulation 1 000 times with the default
parameter vector 6,0, as well as the reference measurement ¢,, f of the respective
driver.
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Figure 4.10: Analysis of the identified posterior distribution pe: (6519, f) for the different drivers

Figure 4.11 depicts the 50%, 75%, 90% and 99% credible intervals as well as the mean
tw of the distributions po, (q0|60,0) and po, (9wlq,.r) compared with the measured
values g, for the windows along a route for one of the drivers. Overall the intervals
are shifted towards the measured reference solution ¢,,, when using the posterior
parameter distribution pe: (054, f) compared to the default parameters 6,9. When
evaluating the 99% credible intervals for all windows of all routes of the investigated
driver, the posterior predictive distribution covers 85% of all measured windows in
4,y compared to 71% of the default distribution.

Default pg(q/6,,) Posterior predictive po(q|4,.y)
¥ =99% 0 v =75% Hw v =99%EE v ="75% Hw
5 = 90% My = 50% Qo EE o = 90% HEE oy = 50% Quref
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Figure 4.11: Comparison of the posterior predictive distribution pg(qlq,, f) and the distribution obtained

with default parameters pg(g|6y,0) for multiple windows along a route. The center line is the mean g, of

the distributions, the different color shades indicate the 50%, 75%, 90%, and 99% credible intervals. Figure
modified from [114].

As described in Section 4.1.7 a p-box can be derived from the distributions p(4lq;)
conditional on 1 000 different samples q; drawn from the posterior predictive distribu-
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4 Uncertainty quantification for virtual load generation

tion po(qlg,, f) or the distribution pg(q|0y,,) using default parameters. In Figure 4.12
these p-boxes are compared to the measured distribution p(7l4,, ;) of the investigated
driver. When using the posterior predictive distribution, the simulated p-box fully
encloses the measured distribution p5(4lq,, ), while for the default parameters, there
is a significant deviation from the measurement.

—— Measurement p(§/4,.s) —— Measurement p(§|4,.s)
— Default p-box p(414;(60,0)) — Posterior p-box p (419;(q.f))
1.0 1.0
0.8 1 0.8
, 0.6 0.6 1
[a a
O Q
0.4 0.4
0.2 02
0.0 T T T 0.0 = T T
0.8 1.0 12 0.8 1.0 1.2
Qol 4 Qol
(a) p-box obtained with pg(g]0+,0) (b) p-box obtained with pg (] q,ef)

Figure 4.12: Simulated p-boxes of the distribution p5(§) compared to the measured distribution p(7l4,, f)‘
Figure modified from [114].

As gy is the logarithm of the normalized gear damage sum, see (4.23), the mean
g of it is linearly related to the accumulated log damage sum across all windows
dlog,sum = Zw 1 log(dc w) as shown by

N

= 1
jg=— lo ,
! Nwzzl ( G’W) NZ (swldGmeas)

N
_ 1 (4.27)
q= N (Z Og(dG w) = N(Sw IdG meas)) , with Z log(dc w) = dlog,sumr

= w=1

dlog,sum N‘? N(Sw,laG,meas)/

with the window length s, ;, and the measured mean damage of all windows ﬁG,meus,
making it especially relevant for the presented gear dimensioning use-case. To compare
the normalized damage sum dé/w and the derived Qol g, between different drivers,
the measured mean damage of all windows dg .qs 0f the driver with the highest mean
damage is used for the normalization of the damage sums of all drivers.

Using (4.22) the mean distribution pé(ﬁ) is derived from the samples gq; taken from
the posterior predictive distribution pg(qlq,,,) or the distribution po(g|6.,0) using
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4.2 System simulation specific Uncertainty Quantification

the default parameters. Figure 4.13 compares the mean distributions to the measured
mean §, ¢ for all considered drivers. Overall, the stochastic velocity simulation, using
both the default parameters and the posterior distribution, leads to results close to the
measured mean while reproducing the differences between the drivers well. By using
the posterior distribution of the parameters the 99% credible interval of the resulting
mean distribution p é(c:ﬂqre f) includes the measured mean §,.s for 15 of 18 drivers
compared to 9 of 18 drivers for the mean distribution p é(zﬂ 0,,) resulting from the

default parameters.
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Figure 4.13: Comparison of mean distributions p é(ﬁl 6,,0) and p é(ﬁl Gre f) to the measured mean 7,  forall

considered drivers

4.2.3 Discussion

The results presented in Section 4.2.2 show that the UQ framework can be applied to
a system simulation and load-specific use-case to identify uncertainties in the velocity
simulation parameters specific to that use-case. The GLaM surrogates can capture the
random results of the simulation chain with sufficient accuracy when the parameter
space is reduced to 9 parameters. For higher dimensions, the model deteriorates with
the available number of samples, which is limited by the required computational effort.
For an increasing number of samples, fitting of the GLaM also requires significantly
more time, which at least partly is caused by the inverse definition of the PDF, see (2.70),
that requires a numerical solution. The global sensitivity analysis helps to identify the
parameters with the most influence on the Qol, considering the randomness of the Qol
itself. Based on the surrogate model, the posterior distributions of the most important
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4 Uncertainty quantification for virtual load generation

parameters are identified in a Bayesian framework. The posterior distributions allow
for quantification of the parametric uncertainties of the simulation, and generally
are in a realistic range, reflecting the observed differences in the driving behavior
between the drivers. Using the default parameters while considering the randomness
of the simulation chain already leads to a close match of the various simulated Qol
distributions to the measured values of the Qol. By additionally propagating the
identified uncertainties of the posterior distribution through the simulation chain to
obtain the posterior predictive distribution, the coverage of the measured Qol values is
further improved.

4.3 Generic velocity simulation Uncertainty
Quantification

To showcase the ability of the UQ framework to handle multiple Qols, a use-case
without a specific system simulation is considered. The Qols are derived directly from
the velocity and acceleration profiles, aiming to achieve a more generic description
of the velocity simulation uncertainty compared to using a single system simulation
specific Qol as in Section 4.2. Using velocity and acceleration based Qols is beneficial
if the system simulation is computationally expensive, which in practice is often the
case, as the system simulation does not have to be run as part of the DoE needed to
derive the surrogate model. To still obtain uncertainties meaningful with respect to the
system simulation Qols, the velocity and acceleration based Qols are chosen such that
they are relevant to the system simulation Qols using expert knowledge, heuristics, or
correlation analysis. In the following use-case, velocity and acceleration based Qols
relevant to the gear damage sum based Qol used in Section 4.2 are derived and used
to quantify uncertainties in the velocity simulation. The results are then compared to
those directly obtained with the system simulation based Qol.

4.3.1 Simulation setup

A variety of statistics can be calculated from the velocity and acceleration profiles to
describe their properties. These include mean, standard deviation, various quantiles,
and others, see Table 4.1 for all statistics considered. These statistics u are calculated per
window w, with window length s;,; = 5000 m and shift s, s = s 1, to derive the Qols
Juw,u. For the mean, standard deviation, and quantiles, the Qol per window follows
directly from the statistic, e.g., for the mean velocity gy ) = ((v)w where p(v), is
the mean velocity of window w. As for the gear damage sum used in Section 4.2,
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the rainflow and retention pseudo damage sums are normalized and logarithmized to
derive their Qols. The Qol of the rainflow damage sum of the velocity is, for example,
given by

ARrF,w(v)

_ (4.28)
Sw,l dRF,meas (v)

Tudes(e) = 10g (i (0)), with dfe ,(0) =
with the Qols of the other damage sums being calculated in the same manner. The
retention pseudo damage sum is only calculated for the acceleration time series, but
due to its dependence on the driven distance between time steps As; which is a function
of the driven velocity, it also depends on the velocity time series. Therefore, the
Qol is denoted as qy 4,,,(v,0), although the dependence on v and a is dropped in the
following for a more compact notation given by gy 4,,,. The normalization constant, e.g.,
dr F,meas (v) for the rainflow damage sum, is the mean damage of all measured windows
of the respective driver. From the combination of all windows and statistics follows
the Qol matrix g and the derived random variable Q to consider the stochasticity of
the velocity profiles. The reference measurement gq,, 7 is directly obtained from the
measured velocities and accelerations of each driver. The schematic procedure to derive
multiple Qols from simulated and measured velocities is depicted in Figure 4.14.
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Figure 4.14: Derivation of Qols directly from the simulated and measured velocities

4.3.2 Numerical results

The simulation setup described in Section 4.3.1 is applied to the same 18 drivers and
their 216 km long route set with the corresponding velocity measurements as the setup
in Section 4.2 specific to the system simulation. Therefore, the UQ framework is
again applied to all drivers to derive a posterior distribution of the velocity simulation
parameters for each driver. The procedure is demonstrated with one of the drivers as
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4 Uncertainty quantification for virtual load generation

Table 4.1: Statistics to describe time series y = (y1, ..., yn)"

Statistic Description
U, 0,49, Mean, standard deviation, and p-th quantile with p = 10%, 90%
drr Rainflow pseudo damage sum. Counting of cycles in time series y with
rainflow algorithm [3], then damage accumulation with Miner’s rule [70]
assuming slope k = 6.
dyet Retention pseudo damage sum. Calculated as d,.; = Z?L |y5‘Asi|, with
the driven distance between time steps As; depending on the velocity and
the damage exponent set to k = 6.

an example, where again, as in Section 4.2, the results for the surrogate model and the
sensitivity analysis are identical for all drivers. The resulting posterior distributions
and parts of the posterior predictive distributions are compared between all drivers as
well as to the default parameters and the results obtained with them.

Quantity of Interest correlation analysis

In a preliminary analysis, the correlation of the velocity and acceleration based Qols to
the gear damage sum Qy 4. is investigated to identify those velocity and acceleration
based Qols with the closest resemblance to Q4. A DoE with M = 1 000 samples
without replications, similar to the one in Section 4.2, is run with the velocity simulation
to generate Qol samples from the prior predictive distribution. The prior from which the
velocity simulation parameter samples 05 1, ..., 8, up are drawn is a uniform distribution,
see (4.5), and Table A.2 for the bounds on the distribution. As previously in Section
4.2, we reduce the parameter vector to the 9 parameters given by (4.24) because these
parameters can influence the gear damage sum based Qol Qy 4, and therefore, this
reduction is still valid since we aim to identify velocity and acceleration based Qols that
are similar to Qy, 4., and are thus influenced by the same parameters.

For each window w using (4.13) the correlation pg,, 0., between the prior predictive
samples of Q 4. and the prior predictive samples of all the other Qols Q, , is estimated.
Figure 4.15a depicts the joint distribution of the prior predictive of Qy 4; and Qu (a)
for one of the windows where the correlation is pg, .0y, = 0-87. The correlations
between the Qols vary for each window, as the properties of the associated distributions
change depending on the road and driving situation in the window. In Figure 4.15b
this change of pg, .0, ., for the different windows along a route is depicted.

118



4.3 Generic velocity simulation Uncertainty Quantification

1.50 A
- 0.80 1
1.25 S
2 0.75
T 1.00 g
< £ 070
< 075 E
© S 0.65
0.50 £
v ]
0.5 0.60
1.0 11 12 0 5 10 15
Qol Qw,dg Window index w
(a) Joint distribution of the prior predictive of  (b) Change of prior predictive correlation
Qu,dg apd leo(u) for one window with the ﬁQw,dG'Qw/ﬂ(u) between Qs 4. and Qy o(a) for
correlation PQu,ag Qu,o(a) = 0.87 the windows along a route

Figure 4.15: Analysis of prior predictive distribution correlations between Qy, 4. and Qy (a)

The correlations per window are used to derive the surrogate model for the Qols based
on a multidimensional normal distribution as described in Section (4.11). To assess the
relation between the velocity and acceleration based Qols and the gear damage sum

Qol Qu 4., the mean correlation

N

- 1 A

P, = 3 D POu Qs (4.29)
w=1

between two Qols Q, and Q, is defined. Table 4.2 lists the mean correlations of
all velocity and acceleration based Qols to the gear damage sum based QoI Q. in

descending order.

Table 4.2: Mean correlations pg i Qu of different velocity and acceleration based Qols to the gear damage

sum based QoI Q.

Qol Qo) Qun  Quv Qo) Qurrv) Ly
Pa,Q. | 077 074 06 049 041 0.4

QOI qug(a) QqQAg(U) qu_l (v) Qy(v) Qy(a)
ﬁQdG,Qu 0.34 0.29 0.15 0.09 0.08

The highest correlations are observed for Qols which take changes in the acceleration

series into account such as Q (), Qq,,,» and Q,(»), while the mean values Q) and
Q,(a) have a negligible mean correlation with Q.. That is to be expected as the gear
damage sum based Qol Q, . is calculated from the torque series, which are sensitive
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to vehicle accelerations. In the subsequent steps we focus on the two Qols with the
strongest correlations Q,(,) and Q ,, the Qol matrix is therefore reduced to

Qo) Qides
Q= : N (4.30)
QN,O(IZ) QN,dret

This choice of Qols is an example to demonstrate how a set of velocity and acceleration
based Qols relevant to a specific component load can be derived. In other applications,
these Qols might already be known, or they can be derived with alternative methods.

Surrogate model generation

Based on the DoE of the previous section, a surrogate model for the two considered
Qols is derived. First a separate GLaM is build for both Qols and each of their N = 41
windows, based on the parameter sample set {0y 1, ..., 0, M} and the associated samples
{4017 bo@mt and{4q,,, 1, 44, m} for each Qol. Each sample vector contains a
value for each window in the simulated route set, e.g., 9o(a)i = (G1,0(a)s -+-r qN,g(a))iT. The
GLaMs and their distributions pg,, ,(9w,4|0) for each Qol u and window w are fitted
with the methods described in Sections 2.3.4 and 4.1.3. In this case of a multidimensional
Qol distribution per window, the GLaM distributions are fixed to the shape of a normal
distribution, i.e., A3 = A4 = 0.13, see Section 4.1.3. The polynomial degrees of the
remaining two lambda parameters A1 and A aresettop; =2,po =1whilegq; =g, =1
for the full polynomial basis in the truncation sets {A; : [ = 1, 2}.

Based on the GLaMs and the Qol correlations derived from the DoE samples using (4.13)
the surrogate model of the joint distribution of each window pg_(q,,|0-) conditional
on the velocity simulation parameters 0, is given by the multidimensional normal
distribution

Qw = (Qw,a(a)/ Qw,dm) ~ N(‘leev, Ew|60) (4-31)

previously defined in (4.11).

Surrogate model validation
For validation, as described in Section 4.1.4, we run a second DoE using the full

simulation with My, = 100 parameter samples and R = 1 000 repetitions for each
parameter sample. Figure 4.16 compares how the means i, ¢(,) and py 4, as well
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as the 50%, 75%, and 90% credible intervals of the distributions pq, .., (9w,o(a)|00)
and pg,, . (quw,d,.|00) differ to their respective values derived from the reference
distributions of the two Qols for a fixed value of the parameter vector 8, along the
different windows of one of the routes. The GLaM distributions show some deviations
from the reference distributions, especially for the credible intervals, but overall, the
differences in mean and variance between the windows are still sufficiently reproduced.
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(a) Comparison of PQuoa) (Gw,0(a)| 0v) with ﬁQw/J(a) (Gw,0(a)100)
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(b) Comparison of PQud, (Guw,dye; 1 00) With ﬁledre[ (Geo,dye;162)

Figure 4.16: Comparison of reference and GLaM distributions of two Qols Q,,) and Qg , with a fixed
parameter vector 6, for different windows along a route. The center line is the mean iy, 5(s), OF pw,d,,;
respectively, and the different color shades indicate the 50%, 75%, and 90% credible intervals of the
distributions.

Between the GLaMs and the reference distributions of the two Qols, the normalized
Wasserstein distance according to (4.15) and subsequently the error measures per
window €y (s) and €y 4,,,, see (4.16), are calculated. In Figure 4.17 the distributions of
the error measures €, () and €y 4,., across all windows are depicted. For both Qols
outliers of the error measures are observed for some windows, i.e., depending on the
window, the quality of the GLaM surrogate model can change considerably. The mean

121



4 Uncertainty quantification for virtual load generation

errors given by (4.25) are €,(,) = 0.89 and €;,,, = 1.29, highlighting the difficulty of
building a surrogate model which works consistently across all windows and Qols.
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0.2 1
0.0- 0.0 - — . ]
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(a) €w,0(a) (b) €4,

Figure 4.17: Distributions of the error measures €, (;) and €y 4,,,

Using the prior mean, see (4.17), a reference measurement is derived, which is used
to calculate the log-likelihood according to (4.9) with both the reference po_ (4,165,
and surrogate model pg (q,165,) joint distributions of both Qols per window for
each of the My, = 100 parameter samples 0, ; in the validation dataset. Comparing
the log-likelihoods naturally allows for evaluating the overall quality of the surrogate
model considering both Qols and their correlated joint distributions of all windows. As
depicted in Figure 4.18, the general trend of the log-likelihood is reproduced correctly,
but considerable fluctuations are leading to a coefficient of determination of only
R? = 0.56, indicating the challenges associated with building a surrogate model for a
correlated joint distribution of multiple Qols.
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Figure 4.18: Comparison of the joint log-likelihood ¢4, fpr (0y,;) for different validation samples 0, ; between

the reference solution obtained by a KDE approximation of repeated samples and the multivariate normal
surrogate model (R? = 0.56)
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4.3 Generic velocity simulation Uncertainty Quantification

Sensitivity analysis

Based on the multivariate normal surrogate model, see (4.11), a Sobol” indices based
sensitivity analysis is conducted to investigate the influence of the velocity simulation
parameters on the Qols Q,(,) and Q, ,. Analyzing the mean Sobol” indices, see (4.18),
for the mean E[Qy (s)|0-] and the standard deviation 0(Qy,¢(a)|0v) in Figure 4.19
does not indicate a dominant sensitivity to one or a few of the parameters, see Table
A2 for a description of them, meaning that at least for some windows almost all
parameters have a considerable influence on the mean and standard deviation of Q ;).
This is expected as the standard deviation of the acceleration, from which Q) is
derived, is a comparatively generic quantity and thus sensitive to many parameters.
For both analyzed quantities E[Qw,o(a)|60] and G(Qw,g(a)wv) there is no significant
difference between the mean first S; and total order St; indices and therefore only
limited interaction between the velocity simulation parameters 0, concerning those
quantities.
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Figure 4.19: Mean first §j and total order §T]- indices for E[Qwrg(a)l 0] and G(Qw,g(u)l 0y)

The analysis of the mean Sobol” indices for the mean E[Qy4,.,|0,] and the standard
deviation 6(Qu,4,,,|0,) in Figure 4.20 reveals a different pattern with stronger influences
of the three parameters (o, .. 4+ Hay in v A0 Hog 1yq,mo O E[Quw,d,..|0-] and 0(Qu 4., |02)
while still displaying little interactions between the parameters. The mean of the
maximum driver acceleration g, ,,,. ,, and the mean of the maximum driver deceleration
Pay ina directly influence the acceleration profile and therefore the retention pseudo
damage sum and derived Qol Q; ,. The mean of the log-standard deviation of velocity
fluctuations on motorways (g ,,,,mo impacts the amplitude and frequency of velocity
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4 Uncertainty quantification for virtual load generation

fluctuations on motorways and thus through the resulting changes in the velocity and
acceleration profiles the Qol Q; .
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Figure 4.20: Mean first S_]- and total order S_T]- indices for E[Qw,dm |6,] and G(Qw,dm |60)

Figure 4.21 depicts how the total order Sobol” indices St of E[Qw,a(a)lﬂv] change
depending on the window on two different routes, where one route mainly includes
city roads and one route mainly includes motorway sections. The parameters with the
highest Sobol” indices differ largely for the two routes, on the city route oy,c;, Hay pinirr
and y,, ., have a strong influence while on the motorway (g, ,,,mo, 0v,mo, and o, 4,
have a high impact which is sensible as some of these parameters are specific to the
respective road type where they show a strong influence and are expected to influence
the accelerations and their standard deviation as described in Table A.2. This analysis
shows exemplarily for the other Sobol” indices and their mean values in Figure 4.19 why
there are no dominant parameters, as depending on the route and driving situation,
the importance of the parameters changes significantly.

A

The sensitivity analysis of the joint log-likelihood ¢, (6,) of both Qols Q,,(,) and Qy,,,
leads to similar results as for the Qol Q. in Section 4.2. Meaning that the first S; and
total order St; Sobol” indices indicate a strong influence of the same three parameters
Bay max,irr By ming, DA 0p i, see Figure 4.22a, which is natural as the distributions per
window of the Qols Q) and Q,  are correlated to the distributions of Q,_, as
described within this Section 4.3.2, and those distributions form the basis for the
calculation of the log-likelihood.

Compared to separately analyzing the sensitivity of Q ;,) and Q,, , to the parameters,

see Figures 4.19 and 4.20, analyzing the sensitivity of /, (6,) which combines both

qref,PV
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Figure 4.21: Total order Sobol” indices St} ,» along two different routes for E[leg(ﬂ)l 0,]

Qols, leads to the same set of important parameters as the system simulation specific
sensitivity analysis in Section 4.2, which is the result of the combination leading
to a quantity more specific to Q.. This demonstrates one of the advantages of
using a correlated multidimensional surrogate model compared to modeling each
Qol separately, which provides less clear information about the most important
parameters regarding the combination of both Qols and thus consequently also the
system simulation specific Qol Q..

As in Section 4.2, the values of the first and second order indices are significantly
different, indicating higher-order coupling effects, which are directly visible in the
second order Sobol” indices S;; in Figure 4.22b. The second order Sobol” indices
show strong coupling effects between u,, .., and ua, .. ., as well as weaker couplings
between u,, .., and most other parameters. As described inSection 4.2, these couplings
can be attributed to the non-linearity of the log-likelihood function, leading to strong
interactions between the parameters with respect to the log-likelihood.

Bayesian parameter inference

As in Section 4.2 we reduce the parameter set for which the posterior distribution
pe;(0;14,.s) is identified to the parameters in

Av = {yﬂx,mux,dr 4 Auux,min,dr 4 Ov,ci} (432)

which have the most influence on the log-likelihood of Q) and Q , based on the
Sobol” indices. Since the log-likelihood considers all windows and both Qols and is a
central component in the context of Bayesian inference, its sensitivities are particularly
informative and are therefore used for the decision on the reduction of the parameter
set. The parameters in A, are the same as those identified in Section 4.2 for the gear
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Figure 4.22: Sobol’ indices for the joint log-likelihood fqm £ pr (60) of the two Qols Q,(,) and Qg

damage sum based Qol. The posterior distribution is identified for each of the 18 drivers,
where for each driver, there exists a different set of reference measurements

l,0(a)ref  qldrer,ref
qref = (4.33)

N,o(a),ref  GN,dyer,ref

for the N = 41 windows in the considered route set and the two Qols Q,,) and Q..
Figure 4.23 illustrates a KDE of the identified posterior distribution for one of the drivers,
marginalized to one and two dimensions. The black diamonds and lines represent
the default values of the parameter vector 0, for the respective driver, while the red
diamonds and lines denote the mean of the posterior predictive é; For ua, i 4 » the
default value falls within the posterior distribution, while for the other parameters, there
are significant differences between the default values and the posterior distribution and
its mean. The posterior distribution of y;_ .., is constrained on the left by the lower
bound of the prior distribution 6 ;, which defines the physically plausible parameter
range, leading to a very narrow distribution near the lower bound that indicates a
systematic error in the simulation compensated by extreme parameter values.

In Figure 4.24a, the posterior mean and 95% credible interval for the parameters
Bay pax,er @0 Ua, ., are compared to their default values for all investigated drivers.
The default values are estimated with heuristics directly from the velocity profiles of
each driver, and unlike the identified posterior distributions for the parameters, don't
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Figure 4.23: Joint posterior distribution pe: (059, f) marginalized to one and two dimensions compared to

)

the default values 6, g and the posterior mean 9; of the parameter vector of the respective driver

allow for a description of the estimation uncertainty. Contrary to the system simulation
specific analysis of the Qol Q,_ in Section 4.2, see Figure 4.10a, the identified posterior
distributions of the mean of the maximum driver acceleration u,,,,., are notin a
range similar to the default parameters of the respective drivers but instead are often
limited by their lower bound given by 0, as previously observed in Figure 4.23 for
a single driver and indicating an error in the simulation model corrected through the
posterior estimates. On the other hand, the posteriors of the mean of the maximum
driver deceleration y,, ,, , are more similar to the default parameters of the various
drivers and have a smaller 95% credible interval compared to the results obtained with
the Qol Q ;... The differences in the posterior distributions indicate that the errors in the
default parameter estimates and simulation model are different with regard to Q,,(,
and Q  compared to Q,_ whichis due to Q) and Q , being related to Q,_ but not
identical.

The changes of the 95% credible interval sizes compared to the system simulation
specific analysis are reflective of the different sensitivities of the log-likelihood visible
by comparing Figures 4.8 and 4.22 where the log-likelihood of the Qols Q) and
Q,,,, is more uniformly sensitive to the parameters s, .. .., tay in g @0d 05 ci leading
to similar uncertainties in their posterior estimates compared to the Qol Q,. where
Hay yax,o» Nas @ more dominant influence and thus can be identified with less uncertainty
than the other parameters.
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4 Uncertainty quantification for virtual load generation

Using velocity and acceleration based Qols in the UQ framework allows for deriving
estimates of parameters which otherwise are not estimated from data, but are set
to a rough estimate which is the same for all drivers, without requiring a specific
system simulation. One example of these parameters is the velocity offset on city
roads 0y, where the default parameter values are not identified from data, as the
parameter cannot be estimated directly from the velocity profiles. Using the identified
posterior distributions, these generic default parameter values can be replaced by
unique parameter estimates for the different drivers. In Figure 4.24b, the mean and 95%
credible intervals of the identified posterior distributions of 0,,; are depicted for the
different drivers. When comparing the posterior results of 0, ; to the system simulation
specific results in Figure 4.10b, their 95% credible intervals are significantly smaller
which is reflective of the increased importance of 0, ; in the sensitivity analysis of the
log-likelihood, see Figure 4.22. Overall, the investigated velocity and acceleration based
Qols lead to different posterior distributions of the velocity simulation parameters as the
gear damage sum based Qol in Section 4.2, which, due to their different characteristics,
is expected, while providing the added advantage of not requiring potentially costly
runs of the system simulation.
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to the default parameter vector 6, o for the different drivers. parameter 0, ¢; between the different
The dashed line indicates é; = 0y,0. drivers

Figure 4.24: Analysis of the identified posterior distribution pe; (6;14,, ) for the different drivers

Uncertainty propagation

In the uncertainty propagation step, not only the influence of the uncertainties in
the posterior distribution of each driver on the velocity and acceleration based Qols
Q. and Qg , is investigated, but also on the gear damage sum based Qol Q,_
which as shown in Table 4.2 is correlated to Q) and Q, ,. The aim is to investigate
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4.3 Generic velocity simulation Uncertainty Quantification

if the identified posterior distributions based on the Qols Q) and Q, , are not
only meaningful concerning those Qols but also for the Qol Q,_. Using the UQ
framework based on velocity and acceleration based Qols could thus potentially provide
the advantage of a reduced computational effort compared to the system simulation
specific approach in Section 4.2, as no runs of the system simulation are required for
the identification of the posterior distributions.

The posterior predictive distribution in (4.21) is evaluated for each driver by running
the full simulation chain with 1 000 samples from the respective posterior distribution
of each driver. The marginal distributions for each Qol derived from the posterior
predictive, e.g., po_ ., (4,()|4q,.f) for the Qol Q,(,, are compared to the respective
default distributions, e.g., pg,, (4,(»)| 0v,0), obtained by repeating the full simulation
1 000 times with the default parameter vector 8, , and the reference measurement of
the respective driver and Qol, e.8., 4,y .-

Figure 4.25 compares the 50%, 75%, 90% and 99% credible intervals as well as the
means iy, g(a) and pw,d,, of the distributions pg, . (q,)6,0) and pg,, (94 Dref)s
respective pg b (g dm|ev,0) and PQ.,., (q dmlqr . f)' with the measured values gy o(a),re f
and gy d,,,,ref for the windows along a route for one of the drivers. For both Qols the
width of the intervals for some windows changes significantly and the mean of the
distributions is generally shifted towards the measured reference solutions q,,,) . sand
44, ref When using the posterior parameter distribution pe; (654, ) compared to the
default parameters 6, . Evaluating the 99% credible intervals for all windows of all
routes of the investigated driver, the posterior predictive distribution of Q,,) covers
93% of all measured windows in g, .. compared to 78% for the default distribution,
while for Q,; . the posterior predictive distribution covers 85% compared to 73% for
the default distribution.

From each, the posterior predictive distribution pg_, (4, 4,.r) and the distribution
PQy0)(45(a)| 00,0) using default parameters, 1 000 samples g, ; are drawn, respectively
1 000 samples g,  ; are drawn from po, (4, 14,.f) and po, (q, 1600). Using
those samples and the procedure described in Section 4.1.7, p-boxes can be derived
from the distributions PQJ(H)(%(:Z)WU(L;)J‘) and Po, (7d,194,, ;) conditional on q,, ;
and q, ;. In Figure 4.26 these p-boxes are compared to the measured distributions
pQW)(E]O(u)M oa),ref) and Po, . (Gd,ei94,,, rer) Of the investigated driver. In both cases,
the simulated p-box derived using the posterior predictive distribution almost fully
encloses the measured distribution, while for the simulated p-box of P3u (Go(a)) using
default parameters, there are significant deviations from the measured distribution
and whilst for the p-box of py, [(qdm) there is little difference between the default
parameters and the posterior predictive distribution.
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Figure 4.25: Comparison of the posterior predictive distributions and the distributions obtained with default
parameters for two Qols Q) and Q,, , for multiple windows along a route. The center line is the mean
Hw,o(a)s OF Huw,d,,; Tespectively, and the different color shades indicate the 50%, 75%, 90%, and 99% credible
intervals of the distributions.

To evaluate the usability of the posterior distributions identified using the velocity and
acceleration based Qols Q,(,) and Q,, , for predicting the system simulation based Qol
Q.. the p-box of Poa. (fa.) is also evaluated and compared to the system simulation
specific p-box in Section 4.2. Figure 4.27 depicts the comparison of the p-boxes derived
using the posterior distribution based on Q. and the posterior distribution based on
Q) and Qg ,, for the investigated driver. Both approaches fully enclose the measured
distribution PG (Gacl 44 re ) the posterior distribution derived using only the velocity
simulation based Qols Q) and Q , is therefore a suitable substitute for the system
simulation specific posterior distribution based on the Qol Q.

To compare the posterior predictive results between the different drivers we use the

mean distributions p 5 ( )(c:]g(a)) and ps (a,,,) derived using (4.22) from the samples
ola ret

95(a),i and g, ; taken from the respective posterior predictive and default distributions.

To make the normalized retention pseudo damage sum d;,, . (v,a) and the derived
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Figure 4.26: Simulated p-boxes of the distributions p ‘ )(qg(u)) and rg, (§a,,;) compared to the measured
ola ret
distributions an(a) (qg(a) | %(a),mf) and pédret (%m | qd,et,rej)

Qol qy,4,,, comparable between drivers the measured mean damage of all windows

dret,meas (v, a) of the driver with the highest mean damage is used for the normalization
of all drivers.

Figure 4.28 compares the mean distributions p ot (Go(a)) of the QoI Q () to the measured
mean {s(a)ref for all considered drivers. The 99% credible interval of the mean
distribution pég(a)(qo(a)wv,o) of the stochastic velocity simulation derived using the
default parameters covers the measured mean for 7 of 18 drivers. When using the mean
distribution p Bt (ﬁg(ﬂ)l qye f) based on the posterior predictive the mean distributions
are generally closer to the measured mean and the 99% credible interval leads to a
coverage of the measured mean for 14 of 18 drivers.
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Figure 4.27: Comparison of p-boxes of the distribution p5 (4 ) derived using posterior distributions based
G

on Q. or Qu(,) and Qg ,

The mean distributions Pé,,., (44,.,) of the Qol Q, = depicted in Figure 4.29 show
considerable differences in their variance depending on the driver, these differences
are reflected by both the distributions derived using the default parameters and the
posterior predictive. The 99% credible interval of the mean distribution p b, (Gdyoi |G, )

based on the posterior predictive covers the measured mean g,,,,rof of all 18 drivers
while the distribution p By )(ﬁg(u)l 0,,0) derived using default parameters only leads to a
coverage of the measured mean for 16 of 18 drivers.

4.3.3 Discussion

The results presented in this Section 4.3.2 demonstrate the capability of the UQ
framework to handle multiple Qols derived directly from velocity and acceleration
profiles. This approach provides a more generic description of velocity simulation
uncertainty compared to using a system simulation specific Qol as in Section 4.2. Two
velocity and acceleration based Qols are chosen for the analysis due to their high
correlation with the system simulation specific Qol of Section 4.2. Thereby allowing
the derivation of uncertainties with respect to the system simulation specific Qol
without having to run the system simulation, which in practice is often computationally
expensive. The surrogate model based on a multivariate normal distribution can capture
the general trends of the joint Qol distributions but shows deficiencies in its accuracy,
highlighting the need for more advanced surrogates for correlated multidimensional
distributions or alternative approaches such as combining multiple Qols into a single
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Figure 4.28: Comparison of the measured means ﬁg(a),,e ¢ to the mean distributions p éo(a) (ﬁg(a)l 6,,) and

pég(a) (ﬁa(aﬂqﬂf) for all considered drivers

quantity, which can be approximated by simpler surrogate models. The global
sensitivity analysis shows that the parameters which have the greatest influence on
the two velocity and acceleration based Qols are similar to those that have the greatest
influence on the system simulation specific Qol, which is due to the close relation of the
different Qols as shown by their high correlation. Based on the surrogate model, the
posterior distributions of the most important parameters are identified within a Bayesian
framework considering both Qols. Due to the velocity and acceleration based Qols
being related but still different from the system simulation specific Qol, the identified
posterior distributions differ from those identified with the system simulation specific
Qol in Section 4.2 but are still in a realistic range and reflect the generally observed
differences between the drivers. Propagating the identified posterior distributions to
the Qols leads to a similar or better match of the various simulated distributions to
the measured values of both Qols compared to using the default parameters, i.e., an
improvement in both Qol dimensions is achieved. A straightforward variation of the
presented use-case would be to consider multiple Qols based on various loads and
system simulations. This approach would allow for the derivation of velocity simulation
uncertainties considering various components and their critical loads, leading to more
robust and reliable predictions of system behavior under various loading conditions.
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5 Conclusions

This chapter begins with a summary of the main findings of the thesis in Section
5.1. It then outlines potential directions for future research in Section 5.2, focusing on
enhancing velocity simulation and UQ methods for virtual load generation.

51 Summary

This thesis addresses two related subjects. The first subject involves the enhancement
and addition of methods for stochastic velocity simulation within the context of virtual
load generation. The second subject focuses on the application of UQ methods to the
velocity simulation discussed in the first subject, in order to account for uncertainties in
the simulated velocities. Virtual load generation is an approach to derive automotive
component loads fully virtually, making them available at an early stage of development,
which enables the design of reliable components in a resource-efficient manner. The
velocity simulation generates velocity profiles for different vehicle types and driving
behaviors on arbitrary routes, which, through component-specific system simulations,
are propagated to the component loads. The focus on the velocity simulation within
this thesis is thus motivated by the dependence of many loads on the driven velocities,
making the velocity simulation a central component in many virtual load generation
use-cases. The application of UQ methods to the velocity simulation is particularly
demanding due to the velocities and subsequent loads being random, requiring the
use of UQ methods specific to stochastic simulators such as the stochastic velocity
simulation [109].

By analyzing velocity fluctuations in measured velocity profiles, a red-noise AR(1)
and an ARMA(2,1) model are identified as suitable for representing these fluctuations
as a piecewise stationary process, see Section 3.2.2. Compared to the state-of-the-art
AR(1) model with white noise [85], both identified models can better reproduce the
correlation structure of the measured fluctuations, as demonstrated by the distinctly
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smaller correlations in their residuum. Velocity fluctuations are shown to be bounded
as they cannot exceed certain bounds, either due to physical limits of the vehicle or
due to the driver’s behavior. To address this in the simulated fluctuations, a method to
bound the identified stochastic processes based on resampling is developed in Section
3.2.3.

The red-noise AR(1) and the ARMA(2,1) model are fitted to windows taken from the
velocity profiles, resulting in a set of parameters for each window and model. The
length of the windows is chosen such that the fluctuations within most windows can
be assumed to be stationary, while windows that clearly violate this assumption are
excluded, resulting in a piecewise stationary process. From the identified parameters
and the mean velocities of the windows, a model is derived in Section 3.2.4 that describes
the parameters as a multidimensional normal distribution conditional on the mean
velocity of the fluctuations. By treating the fluctuation parameters as a distribution,
the variability of the fluctuations is accounted for while the dependence on the mean
velocity allows to distinguish between the typically stronger fluctuations at lower speeds,
i.e., in the city, compared to the smaller fluctuations at higher speeds on the motorway,
leading to a realistic velocity fluctuation model for a broad range of drivers and vehicles.

Dense traffic influences driven velocities and, consequently, the related component
loads. Previous velocity simulation models [85, 93] do not sufficiently account for the
impact of traffic on simulated velocities, leading to an underestimation of the proportion
of low velocities, particularly on motorways where, without considering congestion,
velocities are consistently high and do not reflect the lower speeds observed in reality.
The traffic model proposed in Section 3.3 addresses this issue by generating realistic
velocity drops on motorways due to traffic. This is achieved by combining location
and time-dependent traffic speed distributions with congestion length distributions,
i.e., distributions of the length of a velocity drop caused by traffic. A large database
with FCD from Germany is analyzed to derive the required distributions for German
motorways, where the model shows a significant improvement in the match of simulated
and measured velocities through the consideration of slow velocities caused by traffic.

Motivated by the traffic influence model, which considers changes in the mean velocity
caused by traffic, a model for traffic-related stop events is built in Section 3.4.1 to
generate stop events resulting from traffic jams. It is shown that the stop density of
traffic-related stops depends on the mean traffic speed. By considering this relationship
in the velocity simulation, a good agreement of the simulation with measurements of
traffic-related stops is achieved. Stop events on city and country roads, caused by stop
signs, traffic lights, and other stop reasons, are modeled by assigning a stop probability
and a distribution of the stop duration to each stop reason. In Section 3.4.2, stops in
measured velocity profiles are systematically analyzed to derive new, more realistic
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parameters for the stop probabilities and stop duration distributions, resulting in a more
accurate representation of measured stops on city and country roads in the simulation.

Addressing the need to quantify the uncertainties of the simulated velocities with respect
to the virtually generated loads, a UQ framework for this application is built in Section
4.1. Based on the simulated stochastic velocity profiles or the application-specific load
profiles derived from them, Qols are determined. These Qols are modeled as probability
distributions to consider their randomness caused by the stochastic velocity simulation.
To reduce the runtime of the simulation chain while considering the randomness of
the Qols, stochastic surrogate models are derived and validated. The surrogates used
are GLaMs, which combine the GLD with a PCE of the distribution parameters and
can approximate a wide range of unimodal distributions. The surrogate models enable
computationally efficient global sensitivity analysis using Sobol” indices and Bayesian
parameter inference with MCMC methods to consider the uncertainty in the velocity
simulation parameters. The identified posterior distributions describing the parameter
uncertainties are propagated to the Qols leading to the posterior predictive distribution
describing the virtual loads including their uncertainty.

Two applications of the UQ framework demonstrate its ability to identify the most
important parameters of the velocity simulation concerning the loads of the applications
and to derive the posterior distribution of the identified parameters. In the first
application presented in Section 4.2, the gear damage sum used for gear dimensioning,
based on the drivetrain torque load, is utilized as a single Qol, leading to uncertainties
specific to that load. By propagating the identified posterior distribution to the torque
load, a significantly increased coverage of measured loads is achieved. The second
application presented in Section 4.3 investigates the possibility of considering multiple
Qols within the UQ framework. By using multiple Qols for different loads, e.g., a Qol
for a thermal load and a Qol for a mechanical load, the effects of uncertain velocities
on multiple loads can be considered simultaneously. Alternatively, multiple Qols can
be derived from velocity and acceleration profiles to substitute for a single system
simulation based Qol by having related characteristics, thus enabling UQ analysis
of that single Qol without running the potentially computationally intensive system
simulation.

Overall, the significant improvements of the velocity simulation in combination with
the UQ methods will further increase the usage of virtual loads in the development of
new, innovative components in the automotive industry by increasing the accuracy and
trustworthiness of the generated loads.
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5.2  Future work

The velocity simulation model, as well as the developed UQ framework, still show
deficiencies and potential for improvement. Adding new features could further improve
the accuracy and usability of the virtually generated loads. This section addresses
some of these deficiencies and potential improvements, outlining directions for future
research.

By acquiring and analyzing FCD for more regions, the traffic model for motorways
presented in Section 3.3 could be directly expanded to those regions, enabling the
consideration of traffic influences in more usage scenarios. Future work could also
investigate the possibility of extending the model to account for traffic influences on city
and country roads. Traffic on those roads is more complex and often strongly influenced
by intersections and traffic lights, making modeling more challenging. Addressing
these challenges likely requires developing a method to better differentiate between
slow traffic directly caused by stop reasons, such as traffic lights, and slow traffic caused
by the traffic flow exceeding the road’s capacity, which can also be limited by, for
example, a traffic light. An additional difficulty is the drastically increasing length of
the road network to consider compared to motorways, leading to significantly larger
amounts of FCD that need to be analyzed, which can make data handling difficult.

The example used in Section 4.3, with two velocity and acceleration based Qols
substituting for the gear damage sum Qol of the first application, reveals some challenges
associated with creating surrogate models for multiple, correlated Qols. In the current
approach, different surrogate models are trained for each Qol. By training the surrogate
models jointly with the correlated Qols, predictions could be improved. This could be
achieved by extending the used GLaM to a multivariate GLaM based on an extension
of the GLD to the multivariate case or by constructing another flexible multivariate
distribution and approximating its parameters with PCEs. Alternatively, other surrogate
models, such as the Gaussian process regression (GPR) extension cokriging [96], which
can already handle multiple stochastic outputs, or the Stochastic polynomial chaos
expansion (SPCE) method [112], which needs to be extended to the multidimensional
setting, could be investigated. Addressing these further research needs on surrogates
for stochastic simulators could significantly enhance the application of UQ methods to
virtual load generation use-cases involving multiple loads and Qols.

Besides the further research needs concerning the velocity simulation and UQ methods
mentioned previously, other uncertainties along the virtual load generation simulation
chain also need to be addressed in the future. These include uncertainties regarding the
assumed usage scenarios, map data, and system simulations. Statistical analysis of the
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usage scenarios, i.e., the routes driven by the drivers and their driving behavior, could be
employed to check for the representativeness of the assumed usage scenarios compared
to the ground truth of all real-world usage scenarios. By conducting a sensitivity analysis
of the Qols with respect to the map data, the importance of road properties such as slope,
curvature, and speed limit regarding the simulated loads could be analyzed. Further
investigations into the quality of the map data regarding the relevant road properties
could then be conducted to quantify the effect of uncertainties in the map data on the
Qols. Finally, uncertainties in the system simulations, such as parameter uncertainties,
could be addressed similarly to the uncertainties in the velocity simulation, except that
system simulations are typically deterministic and thus do not require UQ methods
specific to stochastic simulators, which usually simplifies the analysis. By quantifying
these uncertainties and combining them with the velocity simulation uncertainties
through methods such as Monte Carlo sampling, confidence in virtual loads can be
increased. This facilitates further reductions in costly physical testing during product
development while simultaneously increasing product reliability.
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A Velocity simulation parameters

Table A.1: List of velocity simulation vehicle parameters

Parameter O,

Description

A
Cw
Pinax
Teng,max
Ny ax
Nayx
froll
Myeh
Uk
Twheel
g
Omax,veh
Umax

/\max

Frontal area in m?

Coefficient of drag

Engine power in kW

Engine Torque in Nm

Number of driven axles

Total number of axles

Rolling resistance coefficient
Vehicle mass in kg

Friction coefficient

Wheel diameter in m

Gear ratio

Maximum vehicle velocity in km/h
Drivetrain efficiency parameter in km/h
Drivetrain efficiency parameter
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A Velocity simulation parameters

Table A.2: List of velocity simulation driver parameters and their bounds

Parameter 0, 0, 0y,u  Description
K max,ir 1 5 Mean of maximum driver acceleration in m/s?
Oty ma.dr 0.01 0.5  Standard deviation of maximum driver acceleration
in m/s?
Pa i ar =5 -1 Mean of maximum driver deceleration in m/s?
Oty in.dr 0.1 0.7  Standard deviation of maximum driver deceleration
in m/s?
Ay, max,dr 3 8 Maximum lateral driver acceleration in m/s?
Hopas.ar 110 150  Mean of maximum driver speed in km/h
OVmas.dr 0.05 15 Standard deviation of maximum driver speed in
km/h
A0, dr 60 80 Minimum of maximum driver speed in km/h
Omas.dr 120 160  Maximum of maximum driver speed in km/h
0y {ci,co,mo} 0.5 1.3 Velocity offset on city /country/motorway roads
tn {ci,co,mo} 0.7 1 Mean of correlation 1 of velocity fluctuations on
city /country /motorway roads
O {ci,co,mo} n.s n.s Standard deviation of correlation 1) of velocity fluctu-
ations on city/country /motorway roads
U {ci,co,mo} 0.4 1 Mean of correlation 6 of velocity fluctuations on
city /country /motorway roads
06,{ci,como} n.s n.s Standard deviation of correlation 6 of velocity fluc-
tuations on city/country /motorway roads
Hogjog dci,como}  —D -2 Mean of log-standard deviation of velocity fluctua-
-6 -2 tions on city/country/motorway roads
-7 -3
O0¢ jog dci,comoy  0.05 0.7 Standard deviation of log-standard deviation of ve-
005 1 locity fluctuations on city /country /motorway roads
005 1
Z(¢i co,mo} —4 -1 Lower bound of velocity fluctuations on city/coun-
-4 —-0.5 try/motorway roads
-3 -0.1
Z{ci,como} 0.3 1.5 Upper bound of velocity fluctuations on city /coun-
0.1 1 try/motorway roads
0.05 0.7
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BASt

BIC
CDF
CI
DoE
EM
FCD
FGLS
GLaM
GLD
GMM
GPR
GPS
IOR
KDE
LHS
MA
MAP
MBS
MCMC
MLE

Autocorrelation function
Akaike information criterion
Autoregressive

Autoregressive-Moving-Average

Bundesanstalt fiir Strafsen und Verkehrswesen (Federal Highway and

Traffic Research Institute)
Bayesian information criterion
Cumulative Distribution Function
Confidence interval

Design of Experiments
Expectation-maximization
Floating car data
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Generalized Lambda Model
Generalized Lambda Distribution
Gaussian mixture model
Gaussian process regression
Global Positioning System
Interquartile range

Kernel Density Estimation

Latin Hypercube Sampling
Moving-Average

Maximum a posteriori

Multibody simulation

Markov Chain Monte Carlo

Maximum Likelihood Estimation
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