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Abstract—Advanced driving functions, for assistance or full
automation, require strong guarantees to be deployed. This
means that such functions may not be available all the time,
like now commercially available SAE Level 3 [1] modes that
are made available only on some roads and at law speeds.
The specification of such restriction is described technically in
the Operational Design Domain (ODD) which is a fundamental
concept for the design of automated driving systems (ADS).
In this work, we focus on the example of trajectory planning
and control which are crucial functions for SAE level 4+
vehicles and often rely on model-based methods. Hence, the
quality of the underlying models has to be evaluated with
respect to the ODD. Mathematical analyses such as uncertainty
and sensitivity analysis support the quantitative assessment of
model quality in general. In this paper, we present a new
approach to assess the quality of vehicle dynamics models
using an ODD-centric sensitivity analysis. The sensitivity analysis
framework is implemented for a 10-DoF nonlinear double-track
vehicle dynamics model used inside a model-predictive trajectory
controller. The model sensitivity is evaluated with respect to
given ODD and maneuver parameters. Based on the results,
ODD-compliant behavior generation strategies with the goal of
minimizing model sensitivity are outlined.
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I. INTRODUCTION

The ODD is a key concept in the design process of an
ADS and specifies the operating conditions under which the
ADS is designed to function [1], e.g. including possible road
types, weather conditions and traffic participants. Following
ISO 21448 (SOTIF) [2], the functional boundaries of a system
and each of its subsystems must be evaluated [3]. The system
must respond appropriately if ODD boundaries are violated
at runtime, e.g. in terms of an undesired change of road
or weather conditions. In this context, self-awareness is a
powerful concept which, e.g., incorporates system health and
ODD monitoring. To achieve self-awareness, knowledge of the
system’s architecture, capabilities and dynamics must be stored
in models [4]. These models must be valid under the operating
conditions of the ADS to be able to pursue the mission goal
of the automated vehicle’s operation [5]. For an ODD to be
properly defined and validated, models have to be efficient, but
additionally their validity has to be monitored and assessed as
a part of the system’s self-awareness.

In this paper, we consider the example of vehicle dynamics
models which are often used in motion planning and control.
Optimal trajectories with respect to vehicle dynamics can
be planned and controlled using the model knowledge (e.g.
[6–8]). The quality of such approaches directly depends on the
quality of the underlying vehicle models. Insufficient model
quality does not only reduce the quality of the system’s
performance but can even lead to the violation of safety
constraints which may be satisfied by the vehicle model, e.g. if
they are explicitly considered in model-based motion planning
and control algorithms, but could be violated by the real vehicle
from whose actual dynamics the model deviates. As many
influences on vehicle dynamics can be related to properties of
the ODD, it is crucial to ensure the model’s validity inside the
chosen ODD. The model quality can degrade with respect to
the applied dynamics [9] which themselves are related to the
operating conditions of the ADS since the specified ODD has
an impact on the model’s parameter space as well as on the
inputs to which the model is exposed. Therefore, it must be
ensured that invalid models do not cause the automated vehicle
to violate ODD boundaries.

In mathematics, general methods for the assessment of model
quality exist, such as sensitivity and uncertainty analysis [10,
11]. They allow to quantify the sensitivity of the model with
respect to its parameters and evaluate the impact of parameter
uncertainty on model behavior. In this context, the sensitivity
of the model with respect to its parameters and the resulting
potential to propagate uncertainties are used as a measure for
model quality. For example, a low sensitivity of the model
implies that measurement errors do not have a severe impact.
Therefore, sensitivity analysis is a method used in the design
process, e.g., to identify sensitive parameters which have a
great influence on the model’s behavior. The quantitative results
of the analysis potentially allow to even derive requirements for
the measurement accuracy of the model parameters. Moreover,
the analysis can help to find a valid model that can be applied
in the specified ODD with sufficiently low sensitivity.

In this paper, based on previous work [12], we provide the
framework for an ODD-centric contextual sensitivity analysis
for vehicle dynamics models. Our approach demonstrates how
the sensitivity analysis can be deployed within a specified
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ODD with the constraints of a given driving maneuver and
how it helps to assess a model-based trajectory controller.
As an outlook, we consider our findings from a runtime
perspective and propose to minimize the sensitivity inside the
controller through the constraints of the applied dynamics at
runtime. Therefore, implications on sensitivity-oriented runtime
constraints for a self-aware model-based planning and control
architecture as well as on the higher-level behavior generation
are outlined in this paper.

The paper is structured as follows: In Section II, we present
previous work on which this work has been built and the
progress we have made over the state of the art. In Section III,
we state more precisely what the ODD is. We choose a subset
of ODD elements that have a high impact on vehicle dynamics
and that will represent the ODD in the remainder of this paper.
Within this ODD, several types of maneuvers can take place.
We select one for the purpose of the analysis: a lane change.
Based on a derived set of ODD and maneuver parameters, we
present the sensitivity analysis framework in Section IV. In a
simulation, reference trajectories are generated and fed into the
model-predictive trajectory controller. The sensitivity analysis
is performed based on the resulting model states and results
are presented in Section V. The implications of our approach
are concluded in Section VI and an outlook is given.

II. RELATED WORK

As also noted in previous work [12], sensitivity and
uncertainty analysis are two mathematical methods that
allow the quantitative assessment of model quality. Several
publications in the field of model theory and control engineering
focus solely on sensitivity analysis, even though Loucks and
Beek [11, p. 331-334] introduce sensitivity and uncertainty
analysis as two methods that must be combined to gain full
insights into a model’s quality. Reuter et al. [14] propose to
assess model quality through the evaluation and documentation
of a sensitivity analysis. The formal definition of a direct
method for local sensitivity analysis with respect to the
parameters of a dynamic system is given by Dickinson
and Gelinas [10]. Other publications focus on the explicit
consideration of model sensitivity at a functional level: In the
work of Yedavalli and Skelton [15], the quantified sensitivity
is introduced into the cost function of a model-based controller
to minimize model sensitivity in the control loop. Tulpule [16]
uses their work to develop a framework for the design of robust
controllers through the integration of sensitivity minimization.
Their work joins other contributions that aim to compensate
model errors in the controller design (e.g. [17–19]).

While most papers present general methods in the
intersection of control engineering and model theory, only a few
publications explicitly refer to the application of a sensitivity
analysis in the context of vehicle dynamics models: In the
work of Jang and Han [20] and Hamza [21], a sensitivity
analysis is applied to a single-track model. Nolte et al. [12]
perform a sensitivity analysis for a linear single-track and a
nonlinear double-track model. In contrast to previous literature,
realistic trajectories from an urban ODD are considered for

the analysis and connections to the field of automated driving
are drawn. Nolte et al. [12] show that the sensitivities of
the two models do not deviate greatly which, despite the
reduction of model complexity, does not imply much stricter
requirements on parameter accuracy for the linear model.
Furthermore, their analysis is evaluated in case of an exemplary
actuator degradation. However, the sensitivity analysis in [12]
is evaluated for a large set of trajectories without explicitly
considering the ODD or the dynamic constraints applied in
the generation process. Furthermore, the quantitative results
of the sensitivity analysis are evaluated in a rather coarse
fashion since the large set of resulting sensitivity signals cannot
be reviewed collectively to identify relevant characteristics,
i.e. no aggregated measure is introduced that would allow to
summarize the information.

Therefore, in this paper, the results of previous work [12]
are extended and further structured: The scope of this paper
is the application of an ODD-centric sensitivity analysis for a
nonlinear 10-DoF double-track vehicle dynamics model that is
used in a trajectory controller. Through the consideration of
specific ODD and maneuver parameters, context is added to the
analysis. By calculating and aggregating the model sensitivity,
the results can be directly related to these parameters.

III. ODD AND MANEUVERS

Any ADS is developed with a specific ODD in mind
which acts as a foundation of the design process. According
to SAE J3016, the term ODD is defined as the “operating
conditions under which a given [ADS] or feature thereof is
specifically designed to function, including, but not limited
to, environmental, geographical, and time-of-day restrictions,
and/or the requisite presence or absence of certain traffic or
roadway characteristics” [1, p. 17]. As stated in the introduction
of this paper, any system component or function must be
suitable for being used inside the defined ODD, including
model-based motion planning and control algorithms [7]. In the
following, we therefore examine how the dynamics subjected
to the model and its parameters relate to the ODD elements.

A. Operational Design Domain

According to [13] and consistent with the 5- [22] and 6-layer
models [23] for scenario description, the defined ODD can
be divided into the following parts: scenery, environmental
conditions and dynamic elements. The scenery specifies the
drivable area’s type, geometry, surface condition as well as
lane markings and road signs. Different driving zones, e.g.
geo-fenced areas or traffic management zones, junctions as
well as temporary, fixed and special structures are included.
Environmental conditions summarize weather conditions, e.g.
wind, rainfall and snowfall, and particulates such as sand and
dust. Also, illumination, e.g. due to daytime, and connectivity
such as V2X-communication and positioning services are
considered. Dynamic elements cover the presence of traffic,
e.g. its density, flow rate and the types of participants. Also,
the ego-vehicle itself is defined as a dynamic element.



Operational Design Domain

Environmental Conditions

Scenery

Dynamic Elements
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Fig. 1. Selected ODD elements as defined in [13] and their impact on vehicle dynamics

With respect to the ODD definition in [13], a subset of
ODD elements with high relevance for vehicle dynamics is
shown in Figure 1: The drivable area’s geometry, e.g. curvature,
camber and slope, and surface directly influence the vehicle’s
dynamics. The drivable area’s type may be associated with a
speed limit which determines the vehicle’s speed range. Weather
conditions and particulates affect the condition of the drivable
area’s surface and hence the road-tire friction. Wind represents
an additional force directly affecting the vehicle’s dynamics.
In terms of vehicle dynamics models, these elements are either
incorporated into the model’s parameter space or the applied
dynamics. If model-based vehicle control algorithms are used,
target speed and speed constraints set in the controller must lay
within the speed range defined in the ODD. Another example
is the road-tire friction quantified through the road-tire friction
coefficient: On the one hand, it is an ODD attribute describing
the drivable area’s surface condition and, on the other hand, it
is a parameter of the vehicle dynamics model.

B. Maneuvers

Within the defined ODD, the automated vehicle can make
different tactical decisions and thus move in different ways.
Even though the behavior of the vehicle depends on the ODD,
i.e. in terms of the abovementioned conditions for the vehicle’s
dynamics, a range of different movements depending on the
automated vehicle’s tactical decision can be performed. In other
words, the driving dynamics of the vehicle mainly depend on
its behavior but are constrained through the defined ODD.
Therefore, the vehicle’s tactical behavior should be considered
in more detail as well. Following their remarks on the definition
of an ODD, Koopman and Fratrik [24] introduce maneuvers
to structure the automated vehicle’s external behavior and
consider them to be necessary for the complete validation of
an ADS. In particular, according to Jatzkowski et al. [25],
a driving maneuver is defined as an abstraction of possible
state progressions for the motion of a vehicle. A particular
sequence of dynamic states represents a particular movement
of the vehicle, i.e. a specific instance of the maneuver. In
a functional architecture as described by [26] and partly
visualized in Figure 2, an appropriate driving maneuver is

selected in response to the current situation at the guidance layer.
The output of the maneuver information is extended by certain
constraints, e.g. target pose, reference path and additional
weights. This instantiation of the maneuver is performed
through the generation of a target trajectory at the stabilization
layer while respects derived constraints. By applying the target
trajectory to a trajectory controller, the desired motion can be
realized.
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Model-Based Trajectory Controller

Stabilization

Guidance

Actuators

Target Pose, Reference Path,
Weights & Constraints

Feasibility
Information

Actuation Commands

State
Variables Trajectory

Fig. 2. Guidance and stabilization layer according to [12], based on [6, 26]

IV. SENSITIVITY ANALYSIS

Sensitivity analysis is a mathematical tool which allows to
determine the impact of the model parameters on the model’s
behavior quantitatively. Assuming measurement imperfection
and hence inaccurate parameter values in general, sensitivity
can be seen as the model’s potential to propagate parameter
errors into the model behavior. Hence, when applying model-
based methods, areas of high sensitivity should be avoided
if high accuracy is required. In this paper, we focus on
analyzing a model-based trajectory controller as part of a
model-based motion planning and control architecture that is
located at the stabilization layer in Figure 2. For example, the
required inputs to follow a target trajectory can be computed
by using a model-predictive control (MPC) algorithm which
makes model-based predictions about the vehicle’s dynamics
with respect to possible model inputs. The state of the real



vehicle is then compared to the predicted state in the next
step and a new prediction is made. Model errors, e.g. in
terms of inaccurately determined model parameters, hence
lead to an incorrect prediction. Even though model errors
cannot accumulate along the full trajectory, the MPC cannot
compensate for control errors between the prediction time
steps and suboptimal performance of the controller is expected
[18, 27]. Due to the complexity of the MPC algorithm and
the underlying vehicle dynamics model, the consequences of
a model mismatch cannot be easily estimated. Thus, safety-
critical spatial deviations in the real vehicle’s motion caused
by a model mismatch in the controller cannot be ruled out.

Integrated Vehicle Dynamics Model

Model-Predictive Control Algorithm

Model-Based Trajectory Controller

Simulated Vehicle Dynamics Model
(Controlled System)

Sensitivity System

Sensitivity Analysis

Reference Trajectory x∗T (t)

Model Sensitivity Zi,k(t), ZS(t)

Control Inputs u(t)Model States x(t)

Predicted
States

Control
Inputs

Fig. 3. Simulation of the MPC, vehicle dynamics model and sensitivity system

Following previous work on the consideration of model
sensitivity in control design [15, 16], we aim to develop
strategies to avoid areas of high sensitivity in the state
space of the vehicle dynamics model inside the controller.
In particular, by using the previously introduced ODD and
maneuver definitions, statements about sensitivity can be related
to the properties of the ODD and a selected maneuver. The
goal of the method presented in this paper is to gain a priori
knowledge about model sensitivity with respect to various ODD
and maneuver parameters. As stated before, the resulting data
can support the design process of model-based methods for
motion planning and control. Furthermore, since the resulting
sensitivity can be related to the maneuver attributes, constraints
for the behavior of the automated vehicle with respect to model
sensitivity can be derived.

Following the functional architecture shown in Figure 2,
a selected driving maneuver is instantiated through a target
trajectory with respect to additional maneuver constraints. To
mimic the interface between the guidance and stabilization
layer, we generate a reference trajectory with respect to selected
ODD and maneuver attributes offline in the first step. Second,
the reference trajectory is applied to the model-predictive
trajectory controller which generates the required control
signals. The applied MPC algorithm is described by Stolte
et al. [8] and utilizes a complex nonlinear double-track vehicle

dynamics model. Note that the chosen vehicle dynamics model
and control algorithm act as an example and we suggest that
any other model-based controller could be analyzed using the
presented approach. To determine the sensitivity of the vehicle
dynamics model integrated in the MPC algorithm along the
reference trajectory, the trajectory controller is connected to an
identical vehicle dynamics model in a closed loop which mirrors
the model integrated in the controller and provides the required
feedback. This simulation setup is shown in Figure 3. The key
idea here is that following the generated reference trajectory
induces the same dynamics in the externally simulated vehicle
model as they are present in the integrated model inside the
controller. By providing the controller feedback through an
identical model, external dynamics can be excluded. Moreover,
the predicted states of the integrated model over each prediction
period can be assumed to be identical to the states of the
external model since both models yield identical dynamics.
This enables us to make statements about the sensitivity of
the prediction model by assessing the states of the externally
simulated model along the full trajectory.

A. Selection of ODD and Maneuver Parameters

In order to systematically investigate the sensitivity of the
vehicle dynamics model, we generate reference trajectories
with respect to the attributes of the ODD and the vehicle’s
behavior. Therefore, we consider our findings from Section III
in the selection of an appropriate parameter set. In the first
step, a subset of the previously described ODD attributes is
selected, i.e. only those elements that can be represented in
the simulation of vehicle dynamics:
• drivable area geometry such as curvature, camber or slope
• target speed limit, e.g. determined through road type/signs
• friction coefficient representing the road’s surface

condition (e.g. influenced through weather)
• lane width, e.g. as determined through lane markings

(equal to the lateral distance between two lane centers)
In a second step, we determine an exemplary specification
for the considered ODD elements. The model-based trajectory
controller is designed to control the vehicle’s horizontal motion
under the assumption that the drivable area’s topology is planar
inside the specified ODD, i.e. camber and slope are assumed to
be zero. Therefore, we restrict the specified ODD accordingly
and solely focus on the vehicle’s horizontal motion in the
following. In this paper, the exemplary ODD specification shall
cover areas with different dynamic conditions, e.g. inner city
and highway sections. Therefore, we set the maximum speed
range of the automated vehicle to vq ∈ (0 km/h, 130 km/h]
which is the recommended value for German highways. To
cover various environmental and drivable area conditions,
we set the value range for the friction coefficient to
µq ∈ [0.25, 1.1] as an example.

In a third step, the instantiation of the maneuver is extended
by individual dynamic constraints for the selected maneuver.
We consider the example of a lane change maneuver as defined
in [25]. We further assume that the vehicle is centered in its
current lane at the beginning of the maneuver execution and



the target pose is set to the center of an adjacent lane. As
described in [25], the external behavior is always composed
by a longitudinal and a lateral maneuver. We assume that the
lane change (lateral) is here executed in combination with
following a desired speed (longitudinal). Hence, we argue that
the resulting maneuver instantiation should at least incorporate
the following constraints:

• direction of the lane change (left/right)
• target speed throughout the maneuver or final speed
• maximum acceleration, yaw rate and/or path curvature

For example, due to functional limitations of the motion
controller, the selected acceleration limit for a lane change
maneuver is restricted to aq ∈ (0 m/s2, 6 m/s2] in this work.
The selected driving maneuver and its parameter set can be
understood as an extended maneuver template [25] which in this
work includes environmental features. As a result, the following
tuple of ODD and maneuver parameters mq is derived for the
lane change maneuver:

mq

∣∣
LaneChange

= (wq, kq, µq, v1,q, v2,q, aq) (1)

with lane width wq , lane curvature kq , friction coefficient µq ,
the vehicle’s initial and final target speed v1,q, v2,q as well
as the maximum acceleration limit aq. We set the ODD and
maneuver parameter ranges to the values in Table I for the
examples in this paper. For the sake of brevity, we set wq, kq
to constant values in all following examples.

TABLE I
CONSIDERED ODD AND MANEUVER PARAMETERS FOR A LANE CHANGE

wq kq µq v1,q , v2,q aq

4m 0 1
m

0.25 . . . 1.1 0 km
h
. . . 130 km

h
0 m

s2
. . . 6 m

s2

B. Reference Trajectory Generation

To perform the instantiation of trajectories, we use an
optimization-based offline reference trajectory generator as
presented by Frese [28]. The trajectory generator applied in
this work utilizes a simple point mass model and respects
derived ODD and maneuver parameters as constraints. Given
these constraints, the optimization algorithm generates a time-
minimal trajectory allowing to transform the initial into the
target state. In particular, the problem formulation presented in
[28] uses a point-mass model with the following state equations
FT = (uT ,xT ) (time t is neglected for the sake of brevity):

ẋT = FT




(
ȧx,T
k̇T

)
,




xT
yT
vT
ψ̇T
ax,T
kT







=




vT · cos(ψT )
vT · sin(ψT )

ax,T
kT · vT
ȧx,T
k̇T




(2)

xT and yT describe the position of the point-mass. vT is the
speed, ψT is the yaw angle, ax,T is the acceleration and kT is

the curvature of the resulting path. The optimization problem
is then defined in [28] as follows:

min
uT , sEnd

T

s.t. ẋT (t) = F(xT (t), uT (t))

xL1(0) = xT (0)

xL2(sEnd) = xT (T )

0 ≤ a2
x(t) + (k(t) · v2(t))2 ≤ a2

max, ∀t ∈ [0, T ]

0 ≤ v(t) ≤ vmax, ∀t ∈ [0, T ]

(3)

For the reference trajectory generation, we focus on the
aforementioned example of a lane change maneuver. In this
case, the generated trajectory must connect the lane centers
of the current and the adjacent lane. The position of the lane
center along a road segment is represented through parabolic
curves which are represented through xL1(s) and xL2(s)
with arc length s. For illustration, possible trajectories with
respect to the ODD parameters are visualized alongside the
lane centers (dotted) in Figure 4. In addition to reaching the
target position, the model must comply with the specified
initial and target speed v1,q, v2,q . The speed and acceleration
constraints in (3) are set based on the maneuver parameters,
vmax = max(v1,q, v2,q) and amax = aq. The problem
formulation in (3) hence covers all parameters in (1), except
for the friction coefficient µq which is directly incorporated in
the vehicle dynamics model. The optimal model inputs u∗T (t)
as well as the arc length of the trajectory sEnd are found as
the problem’s solution in MATLAB using the CASADI library
[29]. The corresponding time-minimizing sequence of states
x∗T (t) is then stored as the optimal reference trajectory.
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Fig. 4. Reference (dashed) and simulated path (solid) of the vehicle model for a
lane change maneuver with acceleration constraint aq = 2.5 m
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C. Simulation of the Vehicle Dynamics Model

In a MATLAB/SIMULINK simulation environment, we apply
the generated reference trajectory to the model-based trajectory
controller by [8] in a closed loop with the nonlinear double-
track vehicle dynamics model. A Magic Formula Tire Model
[30] is integrated in the state-space representation of the vehicle
dynamics model in our implementation. In mathematical terms,
the analyzed vehicle dynamics model is a dynamic system
and hence described through a set of state equations ẋ(t) =
F(u(t),x(t),P) with model states x(t) = (x1, . . . , xN )T



model inputs u(t) = (u1, . . . , uM )T , and model parameters
P ∈ {p1, . . . , pK}. The full model description yielding N = 10
states and K = 49 parameters is given in [12]. For example,
as mentioned before, the friction coefficient µq is a parameter
of the vehicle dynamics model. In the simulation, the MPC
generates a sequence of control inputs u(t) for the simulated
vehicle dynamics model to follow the reference trajectory.
Based on the resulting model states x(t), the model sensitivity
is computed as described in the following subsection. The
setup is identical to the one described in [12].

D. Application of the Sensitivity Analysis
In this paper, the sensitivity of a model is quantified as

the impact of a possible parameter variation on the model’s
behavior. In mathematical terms, the sensitivity of state xi(t)
with respect to parameters pk is hence defined as the partial
derivative of the model state with respect to the parameter [10],

Zi,k(t) =
∂xi(t)

∂pk
. (4)

To calculate the sensitivity, we follow the definition by
Dickinson and Gelinas [10] and incorporate the dynamic
system’s state-space representation ẋ(t) = F(x(t),u(t),P)
in the definition of the sensitivity in (4). Using a matrix
representation for the set of state equations as in [10], we
solve the sensitivity system

Żk(t) = Fk(t) + J(t)Z(t) (5)

numerically. J(t)(t) denotes the Jacobian matrix of the vehicle
dynamics model. Fk(t) refers to the vector of partial state
derivatives with respect to pk,

Fk(t) = ∇pk
F(x(t),u(t),P).

The numerical simulation of the sensitivity system results into
a vector of N time-dependent sensitivity signals Zk(t) for a
single parameter pk and an N×K-matrix of sensitivity signals
when iterating over all parameters. To ensure full comparability
between each sensitivity Zi,k(t), we follow the work of Kirch
et al. [31] and propose to normalize the sensitivity with respect
to the respective model state and parameter. According to the
definition of the partial derivative, the ratio between an absolute
variation ∆xi of the state xi(t) and an absolute variation ∆pk
of the parameter pk can be approximated through

Zi,k(t) =
∂xi(t)

∂pk
≈ ∆xi

∆pk
. (6)

We then define the normalized sensitivity as the ratio between
a relative change of the model state ∆x̃i = ∆xi

x̂i
and a relative

change of the parameter ∆p̃k = ∆pk

pk
. x̂ is the vector of

expected maximum values of the states inside the defined
ODD. We hence compute the normalized sensitivity as

Z̃i,k(t) :=
pkZi,k(t)

x̂i
(7)

which fulfills the equation

Z̃i,k(t) =
pkZi,k(t)

x̂i
≈ ∆xi

∆pk

pk
x̂i

=
∆xi
x̂i

pk
∆pk

=
∆x̃i
∆p̃i

. (8)

Even though the normalization ensures comparability, it is
difficult to make statements about the model’s overall sensitivity
because this requires to compare the characteristics of each of
the N ·K = 10 · 49 = 490 time-dependent sensitivity signals.
We therefore propose to summarize the signals quantitatively
to extract the characteristics of a set of sensitivities. We argue
that the normalization of sensitivities allows their quantitative
comparison and hence, we propose to aggregate the sensitivity
signals in each time-point by calculating their sum. Due to
the monotonicity of the summation, an increase in any single
sensitivity contributes to an increase of the determined overall
sensitivity. If it is desired to assess the model sensitivity across
all states and parameters at a glance, the sum over all signals

ZS(t) :=
∑

N

∑

K

|Z̃i,k(t)| =
∑

N

∑

K

pk|Zi,k(t)|
x̂i

(9)

can be computed. In this paper, we propose to calculate the
sensitivity of a model with respect to selected model states
and/or parameters. This is particularly useful if the sensitivity of
specific states and parameters is expected to yield a great impact
on the application of the model, e.g. after prior (sensitivity)
analyses have been performed. Therefore, we summarize the
sensitivities for Ñ ≤ N selected model states and K̃ ≤ K
parameters. We illustrate this approach by shifting the focus
of the sensitivity analysis to the vehicle’s horizontal motion
again: We select a subset x̃ of three model states that directly
have an influence in the horizontal plane: the yaw rate ψ̇(t),
longitudinal velocity vVx (t) and lateral velocity vVy (t). Based on
the specified ODD, we set x̂ = (1 rad/s, 36.11 m/s, 1 m/s)

T

in (7). Furthermore, we focus on the model parameters of the
double-track vehicle model which we assume to be likely to
change over the vehicle’s lifespan, e.g. due to a variable load or
changing road conditions: the vehicle’s mass m, yaw moment
of inertia Jz , distance lf and the friction coefficient µ. Hence,
in the following section, we evaluate the resulting signal ZS(t)
for a selection of Ñ · K̃ = 3 · 4 = 12 sensitivity signals.

V. RESULTS

The results of the sensitivity analysis allow to associate
the aggregated sensitivity signals ZS(t) with the ODD and
maneuver parameters mq that are introduced in the reference
trajectory generation. Due to the large number of combinations
for the parameters in mq, only selected results are presented
in this paper. We limit the experiments in this section to the
lane change maneuver. As defined in Table I and illustrated
in Figure 4, we assume a constant lane width Wq = 4 m and
road curvature kq = 0 in all examples.

Example 1: We first consider the impact of the maximum
acceleration aq on the model sensitivity. Furthermore, we set
the initial and target speed in the model to vq := vq,1 = vq,2 =
13.89m/s ≈ 50 km/h and µq = 1. In Figure 5, the resulting
sensitivities ZS(t) for different values of aq are displayed
along with the actual lateral acceleration ay(t). We find that
the intensity of the lateral acceleration follows the temporal
progression of the yaw rate which, e.g., yields two peaks in
case of the lane change maneuver. As for all examples, we



see that the sensitivity follows this pattern as well. In order
to follow the trajectory, we find that the acceleration limit
is always completely utilized by the controller. In particular,
due to the constant target speed, the acceleration can be fully
applied in the lateral direction since no longitudinal dynamics
are required. The sensitivity measured by ZS(t) increases
monotonously with an increasing acceleration both in terms of
its average and maximum value. When comparing the results
to maneuvers where the same available acceleration is fully
utilized in the longitudinal direction, we find that the impact
of the longitudinal acceleration is in general negligibly small.
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Fig. 5. Sensitivity ZS(t) (solid) and lateral acceleration ay(t) (dashed)
of the vehicle dynamics model for different acceleration limits aq with
vq = 50 km/h and µq = 1 during a lane change maneuver

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5

0

0.5

1

Time t in s

Se
ns

it
iv

it
y
Z
S
(t
)

vq = 40 km
h

vq = 50 km
h

vq = 60 km
h

vq = 70 km
h

vq = 80 km
h

vq = 90 km
h

vq = 100 km
h

Fig. 6. Sensitivity ZS(t) of the double-track vehicle model during a lane
change maneuver for different constant target speeds vq with fixed acceleration
limit aq = 3m/s2 and friction coefficient µq = 1

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5

0

0.5

1

1.5

2

2.5

Time t in s

Se
ns

it
iv

it
y
Z
S
(t
)

µq = 0.3
µq = 0.35
µq = 0.4
µq = 0.5
µq = 0.7
µq = 0.9
µq = 1.1

Fig. 7. Sensitivity ZS(t) of the double-track vehicle model during a lane
change maneuver for different friction coefficients µq with fixed acceleration
limit aq = 3 m

s2
and speed constraint vq = 50 km/h

Example 2: We consider the model sensitivity for different
selections of a constant target speed vq = vq,1 = vq,2.
Furthermore, we set aq = 3 m/s2 and µq = 1. In Figure 6,
the resulting sensitivities ZS(t) for different values of vq are
displayed with respect to time t. Overall, we find that the
sensitivity ZS(t) increase monotonously with an increasing
target speed of vq while the acceleration limit is fully utilized
in all cases. Thus, restricting the planned vehicle motion to
low speeds can reduce the propagation of model parameter
errors into the model behavior. We particularly find that for
large vehicle speeds, the sensitivity signals for a constant
acceleration limit of aq = 3m/s2 yield values in a similar
order of magnitude compared to the results in Figure 5 for a
constant vehicle speed of vq = 50 km/h but higher acceleration
values. Summarizing example 1 and 2, we conclude that the
model’s sensitivity could be lowered at runtime by executing
maneuvers with reduced lateral acceleration when driving at
high speeds is required.

Example 3: Finally, we investigate the influence of the
friction coefficient µq on the sensitivity of the model. The
trajectory controller used in this work respects the force limits
applied through the road-tire friction and adapts the resulting
control outputs, eventually limiting the vehicle’s maximum
acceleration. We set a constant value of aq = 3 m/s2 and
vq = 50 km/h. While the sensitivity for a fixed acceleration
limit and constant speed is almost constant across the higher
values of µq, the model sensitivity increases dramatically for
low values µq ≤ 0.4 as can be seen in Figure 7. As an
explanation, we find increasing values in the input functions of
the model, e.g. the steering angles δi, which also yield abrupt
changes occurring in various patterns for different low values
of µq. We thus conclude that the motion controller attempts
to compensate for the low friction coefficient and the given
maneuver by applying high control effort, gradually reaching
its functional limits.

In all cases, an approximately constant velocity is maintained
while the acceleration limit is fully utilized. In conclusion, this
implies that in order to reduce the sensitivity of the model,
neither high acceleration nor high velocity should be applied
in the motion controller when driving in areas which low road-
tire friction is required. However, the sensitivity in Figure 7
reaches much higher values for a low friction coefficient, e.g.
µq = 0.3, and a constant acceleration limit and target speed
than the results in Figure 5 and Figure 6 for a constant friction
coefficient µq = 1 and higher values of acceleration or speed.
This indicates the need for further analyses within the system
design process to investigate the applicability of the model in
an ODD with potentially occurring very low road-tire friction.

VI. CONCLUSION AND FUTURE WORK

In this paper, we have extended previous work by providing
the framework for an ODD-centric sensitivity analysis which
allows considering model sensitivity with respect to selected
ODD elements. As a part of this, we have argued the
necessity of considering the vehicle’s external behavior and
described the systematical parametrization and instantiation of



selected maneuvers. We have applied the sensitivity analysis
framework to a nonlinear double-track vehicle dynamics model
as integrated in a model-predictive trajectory controller. We
have argued for the necessity to normalize the sensitivities
for full comparability and quantitatively summarized them for
an aggregated evaluation. Factors that strongly influence the
sensitivity of the model have been quantified in an offline
simulation such as the maximum acceleration, vehicle speed
and road-tire friction. By using the quantitative results of the
sensitivity analysis, sensitivity-minimizing strategies in the
context of trajectory and behavior generation can be developed:
While ODD elements such as the weather, road condition
and topology, are immutable for the ADS, the automated
vehicle can adapt its behavior, e.g. in terms of its applied
target speed or maximum acceleration. Following the objective
to reduce the sensitivity for model-based trajectory controllers
and planners, the sensitivity for a desired maneuver could be
estimated based on the generated a priori knowledge from
this simulation framework and explicitly considered in the
generation process, e.g. as a cost or weight to be minimized.
In future work, we therefore aim to conduct further research
concerning the incorporation of model quality assessment in
the runtime behavior generation.
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