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Abstract. 7o design reliable automotive components, it is important to understand the expected
operational loads. Early in development, virtual load generation helps derive these loads re-
alistically. Many loads depend on vehicle speeds, making velocity simulation an essential part
of virtual load generation. The velocity profiles are determined using a stochastic simulator,
which employs a stochastic process with variable parameters to model the variation in driv-
ing behavior and generate random velocity profiles for a given route and driver. The velocity
profiles are propagated to component loads using use case specific system simulations. The
derived velocities and loads are subject to model and data uncertainty. To address this, we pro-
pose a framework that models input parameters as random variables in a Bayesian framework,
allowing for the handling of uncertainties. To enable the identification of these uncertainties
and sampling from the posterior distribution, we apply Polynomial Chaos Expansion and Gen-
eralized Lambda Models to derive stochastic surrogate models as a substitute for the velocity
simulation. We show that the parameter distributions derived with the surrogate provide valid
descriptions of the velocity simulation uncertainty and validate the results with respect to mea-
sured velocities. As a result, our study yields a broad probabilistic framework for data-driven
reliability prediction of automotive components and enables the consideration of load estima-
tion uncertainties in an early stage of component development.
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1 Introduction

The established approach to estimate the loads on automotive componentsis to perform test
drives under certain assumptions of the actual usage of the car by a customer. From these as-
sumptions, a test route is derived which is then driven in a specifi mannerby a test driver. The
loads measured on this route are then extrapolated to the targeted lifetime of the component.
However, due to the high uncertainties associated with the assumptions and the very limited
number of kilometers driven, this approach can only give a limited view into the loads acting
on the componentover its actual lifetime. In addition, existing physical components (e.g. pro-
totypes or componentsfrom previous generations) are required on which the measurementscan
be carried out. This aspect makes the approach unfeasible for the development of new, innova-
tive componentsas currently developed for electric and fuel cell electric vehicles. In this case,
load measurements must be “virtualized”, meaning that they are fully generated by simulations.
This requires the modeling of realistic profile of the speed of the vehicle in the driving direc-
tion, referred to in the following as the velocity of the vehicle, along an arbitrary route taking
into account influence such as trafti and driving behavior.

In the following, the velocity simulation [1, 2] is a stochastic simulator M, (s, r(s), 8,) and
considers various randominfluence to generate random velocity profile for a given route. It
produces a stochastic process

{Vs = M,(s,7(s),0,) : s €S} (1)

where s is a position along the route contained in the set of positions S. Moreover, we consider
different properties 7(s), such as the legal speed limit, curvature, slope, etc., of the road as
a function of the position s along the route and 8, is the parameter vector describing driver
behavior and vehicle properties. To assess componentloads the simulated velocities are fed
intoa system simulation (i.e., transfer function) M, (v(s), p(s), 8,) which simulates component
loads based on the velocity as well as other inputs p(s) and parameters 6,,. Due to the random
velocity profiles the componentload is thus also described by a stochastic process

{Ts = M,(Vs,p(s),0,) : s € S}. (2)

In Section 2| we describe a comprehensive [Uncertainty Quantificatio (UQ) framework to
handle uncertainties of the velocity simulation in the context of virtual load derivation. To en-
able the quantificatio of uncertainty of the velocity simulation we incorporatea
[Lambda Model (GLaM)|based on the model derived in [3], where the authorsused the[General
lized Lambda Distribution (GLD)|to surrogate the response distribution of a stochastic simulator.
In Section [3] the fittin and validation of the stochastic surrogate model is described. Further
more, in Section [4] a Sobol” indices based sensitivity analysis [4] of the velocity simulation
parameters is performed to identify the most important parameters. The posterior distribution
of the most importantparametersis identifie withina Bayesian framework, see Section [5] Fi-
nally, in Section [6] an evaluation of the simulation results under consideration of the identifie
uncertainties is performed.

2 Uncertainty Quantification framework

The framework provides the structure and connects the needed parts of a model to iden-
tify uncertainties in the velocity simulation. An overview of the framework is given in Fig.
We focus on a use case where we want to identify the uncertainties in the parameter vector 8,
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Figure 1: framework

describing the driving behavior of a single driver on a set of routes. The available dataset con-
sists of velocity measurementson 216 km of city, country, and motorway roads. We consider
one specifi [Quantity of Interest (QoI)lwhich is given by the torqueload on the drivetrain of an
electric vehicle. However, we note that the method developed in the following can be applied to
any other load case. Thus, the system simulation M (v(s), p(s), 8,) is a model of the vehicle
and its drivetrain which, under consideration of the vehicle dynamics, outputs the respective
torque in the drivetrain component. As outlined in 2] the torque series are split into windows
of length and shift s,,; = s,, s = 5000 m to asses the componentload. For each window i the
gear damage sum d; ; as it could be used for gear dimensioningaccording to [5] is calculated.
As we only investigate the influenc of the load generation on the damage sum d; and do not
consider a particular componentand its properties the damage sum is normalized with the mean
damage of all windows dg and the window length s,

da

U »?

= dei 3)
! sw,sdG

Further, due to the exponential form of the damage sum we consider its logarithmas the[Qoll ¢;,

ie.,

q; = log d,Gz (4)

As the focus is on the uncertaintyin the velocity simulation we obtain a measured sample of
the[Qol by applying the system simulation to measured velocities instead of using a measured
torque series directly. This way the reference damage ¢; ,.; for each window is obtained from
the measured velocities on the given set of routes. If there were a second set of velocity mea-
surements from the same driver on the same set of routes the damage per window would change
as a result of random changes in driving behavior, traffic etc. It is thus necessary to model the
damage per window as a randomvariable with associated [Probability Density Function (PDF)|

Qi ~ po:(4:) (5)
and, for multiple windows Q = (Q1, ..., Q,,)7, obtain the joint distribution pg(q). As the prop-
erties of the damage distribution can change in each window dependingon the driving and road
situationin the window, the distributions (); are notidentically distributed and the damage distri-
butions between windows are assumed as independent. Using the stochastic velocity simulation
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M, (s,7(s),8,) in combination with the deterministic torque simulation M (v(s),p(s), 8,)
the damage distribution pg(gq|6,) can be estimated as a function of the velocity simulation pa-
rameters 0, = (0,1, ...,0,1)". The parameters of the torque simulation 6, are assumed to be
known exactly and are not considered. The measured sample q,.; = (qiref; - Gmref)’ is
drawn from the true, unknown distribution pg(q). The velocity simulation parameters 6, are
define as a random variable ®, in a Bayesian interpretationof probability, meaning that we
aimto fin the posterior distributionpe, (6,|q,.) using the sample g, such that the true dam-
age distribution pg(q) is well approximated and the uncertainty in the simulated distribution
P (q|0,) is expressed through the uncertain parameters ©,,.
For the uncertain velocity simulation parameters a uniform, uninformatie prior

Pe, (011) ~ Z/{(Hv,b ev,u) (6)

is defined The lower 8,,; and upper 6, ,, 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 1]lists all parametersin the vector 6, and their bounds. Based
on the prior a [Design of Experiment (DoE)| is performed using [Latin Hypercube Sampling]
[6]. The then provides the data needed to fi a stochastic surrogate model, see
Section 3]

Parameters@, 0,; 0,, Description

Q. maz,dr 1 5  Mean of maximum driver acceleration in m/s?
Qo min, dr -5 -1 Mean of maximum driver decelerationin m /s>
Ov.ci 0.5 1.3 Velocity offset on city roads
Ou,co 0.5 1.3 Velocity offset on countryroads
Ov,mo 0.5 1.3 Velocity offset on motorways
O¢ log,ci -5 -2 Mean log standard deviation of velocity fluctuation on city
roads
O¢ log,co -6 -2 Meanlog standard deviation of velocity fluctuation on country
roads
0¢ logmo -7 -3 Mean log standard deviation of velocity fluctuation on motor
ways
Umaa,dr 110 150 Mean maximum driver speed in km/h

Table 1: Velocity simulation parameters 6,, and their bounds

Based on the simulated damage distribution per window pg,(q|6,) we defin the likelihood
of the measurement per window ¢ by

£qi,ref (91,) = in(qiﬂ‘ef’Ov)' (7)
Due to the independence of the windows, the likelihood of all windows being their product
‘quef(gv) = Hin(q’iﬂ“ef’Ov)a (8)
i=1
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and the log-likelihood £, (6,) follows in the same manneras the sum of their logarithms.
Through Bayes’ rule, the posterior distribution of the velocity simulation parameters is ob-
tained

p@v(0v|QTef) X Eq,«ef (ev)p(-)v (01)) (9)

Evaluation of the damage distribution under consideration of the posterior gives the posterior
predictive distribution of the damage per window given by

e'u,u
Pou(@ildrey) = / Po.(@:10,)p6. (0,1,.)d6.. (10)
ev,l

3 Stochastic surrogate model

A surrogate model approximates a simulation model to reduce costly evaluations of the full
simulation. As the used velocity simulation in combination with the torque simulation and the
damage evaluation is a stochastic simulator this requires a stochastic surrogate model which
allows for faster evaluations of the damage distribution pg(q|6.,) by the approximate surrogate
distribution pg(q|@, ). Different stochastic surrogate models are described in [3, |7, |8]. For our
problem, we choose the[GLaM] [3]] which is built on the[GLD] [9].

A can well approximate most unimodal distributions and has four parameters {)\; :
[ =1,...,4}. The lambda parameters are given by a function of the parameters 8,, and thus the
gives the approximate[Qol| distribution per window as a function of 6,

Qz(ev) ~ ﬁQz(Q’L|0U) = GLD(A1<01})7 >\2<0’U)7 )\3<9U)7 )‘4(911)) (11)

Moreover as the distributions per window are assumed as independentthey can be combined to
the joint distribution

ﬁQ(qyev) = HﬁQz(ql‘g’U) (12)
i=1

Each lambda parameter and its dependence on @, is modeled with a [Polynomial Chaos Expan-|

sion (PCE)

M(0,) = A C(0u0) = > cratialB,), =134
acA;

(13)
>\2<0v) ~ )‘50(00; C) = €Xp < Z 02,a¢a(0v)>

acA;

where \2(6,) is transformedto log(A2(6,)) to ensure positivity.

The model is built on an experimental design of N = 1000 samples without replications,
i.e., for each sample from the parameter distribution pe, (6,) one sample from the conditional
damage distribution pg(q|6,) is drawn. Using the [Maximum Likelihood Estimation (MLE)|
procedure described in [3]], the coeffici nts ¢; o for the lambda parameters are fitted The
polynomial degrees for the four lambdas are p; = 2,py = p3 = py = 1 with ¢y = g2 = ¢3 =
q4 = 1 for the full polynomial basis in the truncationsets {4; : | = 1, ...,4}.

For validation, a second [DoE|with N = 100 samples is done where for each parameter sam-
ple 8, we run 1000 repetitions to approximate pg(q|8,). Fig. [2|compares how the distributions
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Figure 2: Comparison of reference pg(q|6.,) and Po(q|8,) distributions for different
windows along a route with fi ed parametervector 8,.. The 3 color shades indicate regions that
contain 50, 75, and 90% of the distributions.

po(q|0,) and pg(q|6,) deviate for different windows along a route with the parameter vector
0, being fi ed.

Between the distribution pg),(¢;|@,) and the distribution pg,(¢;|@,) the empirical
Wasserstein distance (e.g. [10]) dws(Q:i(6y), QZ(OU)) is calculated for each of the 100 pa-
rameter samples and each window i. The empirical Wasserstein distance is computed with the
1000 samples obtained from pg, (¢;|0.,) throughrepeated sampling and an equal amountof sam-
ples drawn from pg), (¢;|6,). Each computed Wasserstein distance is normalized by the standard
deviation of the empirical distribution o(Q;(6,))

1(Q4(0,), 0:(0,)) = dWS(fggzgv%”””.

The standard deviation o(Q;(6,)) can be seen as the Wasserstein distance between the distri-
butionpg, (¢;|0,) and the mean E[Q;(0,)], see [3] for more details. The normalized Wasserstein
distance can thusbe interpretedas the ratio between the Wasserstein distances dyys(Q;(8,), Q;(6,))
and dys(Q;(0,), E[Q:(0,)]), i.e., how much improvement is obtained by using the stochastic
surrogate distribution pg, (¢;|0,,) compared to a degenerate distribution at the true mean.

For each window the mean of the normalized Wasserstein distance for all parameter samples
from pe, (0,) is taken

(14)

e = E[d(Qi(©.), Q:(©,))]. (15)

Fig. [3| depicts the distribution of the error measure ¢; across all windows. For most windows,
an error¢; < 0.5 is observed where the mean error is € = 0.55. When the [GLaM] is slightly
modifie by assuming normality of the distributions p¢, (¢;|6,), i.e., A3 = Ay = 0.13 the mean
error measure increases slightly to € = 0.58.

A second metric for the validation is the accuracy with which the likelihood of a measure-
ment can be predicted with the surrogate model. To calculate the likelihood a reference sample
is define as the mean of the prior predictive distribution (see also for the posterior predic-
tive distribution)

Qres.pe = EIQ(O,)] with pe,(8,) ~ U(6,1.6...). (16)
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Figure 3: Distribution of error measure ¢;

The log-likelihood is thus calculated according to (8). To calculate the likelihood with the ref-
erence distribution a [Kernel Density Estimation (KDE)|is applied to the repeated samples from
pq(q|0,) to approximate the distribution. Fig. [4a| depicts the log-likelihood for each of the 100
parameter samples derived with the approximationof pg(q|6,) and the surrogate model
pq(q|0,). The coefficien of determinationequals R? = 0.51. When we simplify the GLaM]
by using the normality assumption and setting A3 = Ay = 0.13 the prediction is improved with
R* = 0.81, see Fig. As shown in the analysis of the normalized Wasserstein distance there
is only a slightly better approximation of the distribution pg(g|6,) when using the full
Additionally, throughthe normality assumption, the model is regularized andless proneto over-
fitting contributing to the improved prediction of the log-likelihood. Due to these reasons, all
further analyses are carried out with the simplifie [GLaM]which assumes a normal distribution
of the surrogate p(q|6,).
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Figure 4: Comparison of log-likelihood /g ., (6,) between reference solution obtained by
approximationof repeated samples and the surrogate model

4 Sensitivity analysis

Based on the derived surrogate a global sensitivity analysis using Sobol’ indices [4]
of the input parameters is conducted. In [11] different approaches to global sensitivity analysis
of stochastic simulators are described. We focus on sensitivity analysis based on deterministic

derived from the damage distribution pg(q|@.,,).
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For each window i the Sobol” indices of the mean E|[Q);]0,,] and standard deviation o (Q);|0,)
are estimated by Monte Carlo simulations [12} [13]. Mean and standard deviation are directly
obtained from the description of the in the The parameter space for the Monte
Carlo simulations is define by the prior pe,(8,) from (6) where N = 10* samples are drawn.
Fig. |5|depicts the total order Sobol’ indices Sz, ; for the parameters 8, ; along a route calculated
for E[Q;]0,] and 0(Q;|0,), see Tab. 1| for a description of the parameters ¢, ;. For this route,
the mean E[(Q);|0,] of most windows is strongly influence by G, maz 4 The standard deviation

0(Q;]0,) of the windows is influence by a greater variety of parameters. To analyze the overall
sensitivity of the[Qolsto the parameters the mean firs and total order Sobol’ indices

1 m
S j — E E - S 4,0
1=
Lo (17)
ST] - E E ST],'L
=1
_ 1.01 _

- 0.8 " Qx,max,dr _— " Qx,max,dr
E Ax,min,dr E 0.8 Ax,min,dr
061 T Oy @ T Ougi
.q-d — Oyco .§ 0.6 1 — Oyco
el el
S 0.4 — Oumo k=] — Oumo
3 — g 0.4+ —
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Window index i Wmdow index i
(a) E[Qi] (b) o(Q:)

Figure 5: Total order Sobol’ indices St;; along a route for E[Q;] and o(Q);)

are defined Overall, the mean E[Q);|6,] is mainly sensitive t0 Gy a4 While the standard
deviation 0(();|6,,) is primarily sensitive to G, min dr a0d Uyay ar» See Fig. @ For both there
is little difference between the mean firs S; and total order Sy, indices, indicating no significan

couplings of the velocity simulation parameters 8,. The parameters @, yazdr and Gy min.dr
influenc the acceleration and deceleration behavior of the driver which is strongly related to
the torque in the drivetrain and thus the investigated gear damage sum. Both parameters are
therefore expected to strongly influenc the mean E[Q);|0,] and standard deviation o(Q;|0,)
of the damage distribution. The parameter ¥y,,4 4 influence the mean speed of the driver
(especially on motorways) which changes the durationand frequency of the driver accelerating
and decelerating and thus the torque and gear damage sum.

To globally analyze the importance of the parameters the sensitivity of the log-likelihood
lq,.; r, (8y) to the velocity simulation parameters 6, is calculated. The likelihood is calculated
with the reference sample q,.; p, define as the mean of the prior predictive distribution, see
(16). The Sobol’ indices thus give an indication of how sensitive the likelihood of the reference
sample is to changes in the parameters. The firs .S; and total order Sp; Sobol’ indices show a
strong influenc of the three parameters a, oz dr> Gz min,dr a0d 0, ;> see Fig. the firs two of
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Figure 6: Mean firs S; and total order Sz, indices for E[Q;|0,] and 0(Q;|6.)

which were also the strongest influenc factors in the sensitivity analysis of mean E[Q;|0,] and
standard deviation o(Q;|0,,). The offset 0, .; influence the mean velocity driven in the city and
has similar effects on the gear damage sum as the parameterv,,,, 4 mentionedbefore but with a
focus on city streets. The values of the first and second-orderindices are significantl different,
indicating higher-order coupling effects. Fig. [7b| depicts the second-order Sobol’ indices S},

with a strong coupling effect between @y oz ar a0 Gy imin,dr-
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Figure 7: Sobol’ indices for log-likelihood ¢, (6,)
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S Bayesian parameter inference

A Bayesian framework is applied to identify the posterior distribution pe-(8;|q,.) of the
parameters in

AU = {daz,maw,dra da},min,dra Ov,ci} (18)

with the most influenc on the log-likelihood. These parameters 8, = (6, : j € A,)T are
modeled as a random variable ;. The|[Markov Chain Monte Carlo (MCMC)| algorithm with
slice sampling (e.g. [14])) is employed to sample from the posterior distribution in (9), with the
measured values of the for each window q,.;. As a result the joint posterior distribution
pe:(0,]q,.s) is obtained. A @ of the distribution marginalized to one and two dimensionsis
depicted in Fig. [8 The black diamondsand lines indicate the default values of the parameters
0, identifie with a heuristic from the measured velocities of the driver (e.g. @y oz .ar and
Qg min,dr)> a8 donein [1]], or taken as a guess value from experience (e.g. 0, ;). For @y i 4r and
Ov,ci these values are within the posterior distributions. The posterior distribution of @y ;.44,4r i
bounded to the left due to the lower bound of the prior distribution 6, ; to keep the parameter
values within a physically plausible range.

5.0
=
g
£ 254
mk
00 L T T
sl o
kS |
g
N
-3
T T L T T
5 1.00 .
S 4
S}
0.75 ‘l E ¢
T T T T B T T
1.5 20 -3 -2 0.75 1.00 1.25
ﬁx,nmx,dr a_x,min,dr 09,ci

Figure 8: Joint posterior distributionpe: (0} |q,. ;) marginalized over 1 and 2 dimensions. Black
diamondsand lines indicate the default values of the parameters 8, o

6 Evaluation of results

For evaluation of the identifie posterior distribution pe:(6;|q,.;) the posterior predictive
pq(qlq,.;) distribution in (10), is evaluated and compared to the distribution obtained with the
default parameter vector pg(q|@,,0). The posterior predictive pg(q|q,.,) is evaluated for the
parameters in A, while the other parameters are set to their default values. It should be noted
that the default parameter vector 6, is partly also a function of the measured sample q, . as
some of the parametersin it are derived with heuristics from the measured velocities which are
used to calculate g, . Both distributions pg(q|q,.;) and pg(q|0.,) are obtained by sampling
N = 1000 times with the full simulation model.
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Figure 9: Comparison of posterior predictive distribution pg(q|q,. ) and distribution obtained
with default parameters pg(q|6,) for multiple windows along a route. The center line is the
mean of the distributions, the different color shades indicate the 50 %, 75 %, 90 %, and 99 %
credible intervals.

Fig. [9] depicts the v = 50 %, 75 %, 90 % and 99 % credible intervals as well as the mean
of pq(q|q,.s) and pq(q|6.,0) compared with g, , for the windows along a route. The credible
intervals are define from the quantiles [g(1—)/2, ¢1+4+)/2] such that y is the probability of a
value being in the interval. Overall the intervals are shifted towards the measured reference
solution when using the posterior parameter distribution pe: (0;|q,. ;) compared to the default
parameters 6, o. When evaluating the 99 % credible interval for all windows of all routes the
posterior predictive distribution covers 83 % of all measured windows in g, ; comparedto 76 %
of the default distribution.

The density p;(¢) describes the distribution of the [Qol across multiple windows. In the
considered use case this describes how often a certain load and damage sum d; ; occur in the
considered set of routes. The available windows i € 1,...,m are a sample from the set of all
windows obtained from all routes driven over the lifespan of a vehicle. The uncertainty regard-
ing the measured sample from the distribution p;5(g) is thus reducible through more measure-
ments, i.e., it is epistemic. From the simulation single samples from the window distributions
pq.(¢:) for i € 1,...,m can be combined into the distribution p;(q). Repeating this sampling
multiple times leads to multiple empirical distributions for p;;(¢) which can be combined into
a [probability-box (p-box) giving a quantificatio regarding the epistemic uncertainty caused
by the size of the route sample. The are obtained by taking 1000 samples from all
windows, i.e. by “driving” 1000 times over the given set of routes. Fig. [I0] compares the [p]
obtained from the default distribution pg(q|6, o) and the posterior predictive distribution
PQ(q|q,.;). In the case of the posterior predictive distribution the not only includes the
uncertainty regarding the route set but also regarding the simulation parameters. When taking
samples from pq(q|q,.s) the simulated @ fully encloses the measured sample from j5(q),
while for the default distribution pg(gq|6, ) there is a significan deviation to the measurement.

Moreover, Fig. [I1|compares the mean

_ ~ 1 &

1 =E[Q] = — ; 19

¢=EQ]=— ; q (19)
obtained from the measurement q,., and the distribution pé(cf) of it derived from the 1000

samples taken from pg(q|q,.;) and pg(q|0.0) where each sample is the mean ¢ of a single
draw from g ~ Q. As g; is the logarithm of the normalized damage sum (see (4)) the mean
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Figure 10: Simulated of the distribution p;;(¢) compared to the measured reference
sample

g of it is linearly related to the accumulated log damage sum across all windows dj,g sum =
> iey log(da i)

B dgi

q m Z o8 (Sw,sdG>

N ]

= (Z log(da;) — m(sw,sdc:)) 20)

dlog,sum = mq: + m(Sw,sCZG> = Z log(dG,i)
=1

making it especially relevant for the presented gear dimensioninguse case. By using the poste-

rior distribution of the parameters pe; (6,/4,.;) the distribution of the mean p5(¢) includes the
measurement with higher probability.

7 Conclusion

In this contribution, we presented a framework which allows to quantify parametric
uncertainties in the virtual estimation of automotive componentloads derived from simulated
velocities. The framework is applied to a use case where the piecewise gear damage sum is
calculated from the torque load in the drivetrain. The torque series and gear damage sum are
derived from the simulated velocity on a given set of routes. It is demonstrated that the GLaM]
presented in [3] is suitable to build a surrogate for the stochastic velocity simulation. With the
help of the[GLaM]a global sensitivity analysis is performed and Sobol’ indices are derived for
the different parameters of the velocity simulation. With the sensitivity analysis, the set of rele-
vant parameters for the use case can be significantl reduced. Gear damage sums derived from
measured velocities of a single driver are incorporatedinto a Bayesian framework to inversely
quantify the uncertainty of the relevant velocity simulation parameters for the driver regarding
the gear damage sum. When forwarding the identifie parameter uncertainties through the sim-
ulation chain an improved match with the measured gear damage sums is observed taking into
account the parametric uncertainties.
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