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Abstract—Designing automated vehicles (AVs) to improve
pedestrian safety has received increasing attention. Although
many algorithms have been proposed for various AV functions
that concern pedestrian safety, combining them in a functional
architecture and real-world deployment of such an architecture
is an open challenge. We review the most frequent car-to-
pedestrian collisions from accidentology data and design our AV
to avoid these accidents. Our AV employs a model-predictive
control-based path planner that plans reference curves and a
higher frequency trajectory generator that plans time-critical
maneuvers. Furthermore, our proposed AV design tackles real-
world challenges, such as noisy perception and late detection of
pedestrians due to physical obstruction. These phenomena can
possibly result in uncertain pedestrian detection and inaccurate
tracking, for which we propose an uncertainty-aware pedestrian
prediction model. Uncertainties along pedestrians’ predictions
are considered by a probabilistic risk measure, selecting min-
imum risk maneuvers by operating in closed-loop with the
trajectory generator. We assess our system’s performance by
comparing some algorithms against literature counterparts and
evaluate the overall system in real-world testing. We find that
the computational performance of the proposed algorithms is
sufficient for time-critical scenarios. In addition, our system
exhibits safety benefits by considering uncertainty in decision-
making processes, and our evasive steering system introduces
additional avoidance potential to emergency braking.
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I. INTRODUCTION

HE introduction of automated vehicles (AVs) has the
potential to improve overall road traffic safety [1]. With-
out such an improvement, neither the authorities nor society
are likely to accept this technology. Accidentologies show that
vulnerable road users (VRUs), e.g., pedestrians and cyclists,
are among the most endangered traffic participants in urban
areas [2]. Therefore, increasing the safety not only of passen-
gers in an AV but also of VRUs is of greater interest.
Designing an AV emphasizing the safety of VRUs requires
identifying the scenarios in which VRUs are most frequently
involved in critical accidents. Data from various European
accident databases [3], [4] are combined in [2] to understand
accidents involving VRUs. While critical scenarios are iden-
tified, technologies to specifically prevent these accidents are
neither proposed nor deployed. Although extensive research
has focused on individual algorithms within an automated
vehicle architecture [5], most proposed techniques are tested
stand-alone in simulation using deterministic input data with-
out computational constraints. As a result, there is a lack
of literature bridging the gap between individual algorithms
and real-world deployment within a functional AV architecture
with the objective of avoiding specific real-world accidents.
We focus on pedestrians as a VRU type, which requires
an AV architecture perceiving the pedestrian with sensors,
utilizing that information to estimate its state, and predicting
the pedestrian’s future positions (i.e., a trajectory). While
many methods for pedestrian perception and prediction of their
trajectories exist [6], [7], [8], most proposed methods assume a
high level of accurate and readily available information about
the pedestrian and the environment. When this information is
unavailable or inaccurate, their performance can degrade dras-
tically [9]. In real-world driving, the process of measuring and
predicting introduces uncertainties from sensors and modeling
[10]. In addition to that, the available information is often
severely limited due to insufficiencies in modeling real-world
phenomena, such as adverse weather conditions [11], [12] or
sight obstructions. Especially the presence of sight obstruc-
tions, as often found in complex urban environments, limits
observation time and, hence, the available information about
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the pedestrian. Other approaches [13] deal with obstructions
assuming communication between road traffic actors, however,
if no communication is available, backup functionality is still
required. Limited observation time can lead to so-called late
detections of pedestrians. That is, if a pedestrian and the AV
are on a collision course, immediate intervention by the AV
is required to avoid collisions. However, limited information,
i.e., high uncertainty about the existence, current state, and
previous states, can lead to inaccurate trajectory predictions of
the pedestrian and, hence, wrong decisions on interventions.
To address this challenge and account for the lack of informa-
tion, some authors suggest capturing the uncertainty within
the vehicle architecture [10], [14]. Capturing uncertainties
in road users’ motion predictions can be done using a risk
measure, which is understood as a probabilistic quantity that
describes potential harm due to limited knowledge of current
and future driving and environment states. In the face of real-
world deployment, safety standardization [15] requires the
absence of unreasonable risk caused by performance insuf-
ficiency, e.g., uncertainty due to sensor and model limitations,
specifying risk assessment as a pivotal procedure in the
safety certification of AVs [16]. Recent literature suggests that
embedding risk in the motion planning and decision-making
process results in safer and, in various scenarios, human-
like vehicle behavior [17], [18], [19]. Moreover, minimizing
harm (represented within a risk measure) in the presence of
unavoidable collisions is always preferable [20]. Therefore,
we identify the need to utilize risk within the decision-making
process to account for uncertainties in modeling, measurement,
and prediction to generate safer and more desirable vehicle
behavior.

Consequently, we derive the most frequent car-to-pedestrian
accident scenarios and design an AV architecture capable
of additional accident avoidance potential in these scenar-
i0s. Furthermore, we propose an AV design considering the
measurement and modeling uncertainties in perception and
prediction by a probabilistic risk measure and implement
emergency maneuvering to avoid accidents with late detected
pedestrians. Our presented AV architecture showcases its func-
tionality by a real-world deployment. As a result, we make the
following contributions:

(1) an AV architecture accounting for (possible) late detec-
tions of pedestrians combining path planning with higher
frequency emergency trajectory generation, extending
the collision avoidance potential of accident avoidance
systems and switching collision constellations from
frontal to side collisions given unavoidable car-to-
pedestrian accidents,

a prediction model with increased robustness against
perception noise and tracking uncertainty,

a probabilistic risk-based decision-making that assesses
prediction uncertainties, exhibiting safety benefits under
uncertainty when compared to a deterministic risk
measure,

bridging the gap between simulation of individual
algorithms and real-world application by deploying a
computationally efficient architecture that operates in
time-critical scenarios.

(ii)
(iii)

(iv)
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The remainder of this article is structured as follows. Sec. II
gives preliminaries, derives relevant accident scenarios, and
states the research problem along with our proposed approach.
Sec. III details the hardware and software architecture of our
AV. Sec. IV elaborates on all relevant algorithms. The evalu-
ation methodology and the results of the individual modules
and the overall system are given in Sec. V. Finally, Sec. VI
and VII discuss the results, present opportunities for future
research, and conclude the manuscript.

II. PROBLEM STATEMENT AND PROPOSED APPROACH

In the following, we state notation and assumptions before
reviewing accidentology and identifying frequently occurring
scenarios for car-to-pedestrian collisions. Given the scenarios,
we state our objective and proposed approach.

A. Preliminaries

The AV, considered from an ego-perspective, and the pedes-
trian are characterized by a state x := (¢, 0, v, w) € X. The state
space X is composed of actor positions g := (c1,c;) € R?,
heading angles 6 € [0,2n), velocities v € R directed along
the heading axis, and turn rates w € R. A set of integers
{a,a + 1,...,b}, with a < b, is denoted by Z~, the same
notation is applied to the reals, i.e., R’Z , with ¢ < d, and the set
of positive reals including zero is denoted by Ryo. We denote
a state at discrete time-step k as x; and a predicted state at
time-step n > k given information available at time-step k as
X,x. The same notation is applied for inputs and constraints.
Finally, all variables associated with the ego vehicle and the
pedestrian will be identified by e and o subscripts respectively.
In the sequel, the following definitions are needed.

Definition 2.1 (Path): A path P is the image of fp : Z} — C
enforcing non-holonomic vehicle constraints on configurations
(q,0) in the configuration space C = R? x [0, 27), such that:
P:={(g.0)eC|Ae ij; = (q,0) = fp(D)}.

Definition 2.2 (Vehicle Trajectory): A vehicle trajectory
T is the image of fr : Z];“V’ — X, parameterizing states
by time and enforcing non-holonomic vehicle constraints on
states such that: 7 :={x,p € X |n¢€ ZIIZJFN’ = X = fr(n)}).

In general, the uncertainties associated with the future posi-
tions and headings of the ego vehicle are less significant than
those of the pedestrian. Thus, we only consider uncertainty
within the measurement and estimations of the pedestrian. As
safety is of priority for real-world deployment, we impose
the following conditions on our system, further specifying the
functionality.

Condition 2.1 (In-lane AES): Autonomous emergency
steering (AES) functionalities are aligned with regulation
[21], constraining the system to perform only in-lane AES
maneuvers.

Condition 2.2 (Human controllability): The yaw rate is
constrained, as it is the most correlating quantity for humans
to retain control of a vehicle [22].

Condition 2.2 is imposed such that, in case of a system
malfunction, a human driver should be capable of taking over
the driving task.
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Fig. 1.
obstruction. Adapted on the basis of [2].

TABLE 1

longitudinal

MoOST FREQUENT ACCIDENT SCENARIOS

Number P;gzigii“ obsflifll;:ion V:;l:l)lcgietey KSI
0] crossing right without [26, 48] kmh~1  23.2%
€)) crossing left without [30, 50] kmh—1 19.5%
(I11) crossing right with [26, 45] kmh—1 18.7%
(IVv) crossing left with [28, 451 kmh~! 14.0%

B. Scenarios

The accidentology study in [2] identified frequently occur-
ring car-to-pedestrian collision scenarios. Here, accident data
from the GIDAS (acronym for German in-depth accident
study) database [3] is analyzed. An in-depth analysis is carried
out by [2], and the results are depicted in Fig. 1. The top
four (by highest occurring killed or severely injured (KSI)
pedestrians first) scenarios' are further elaborated in Tab. L. In
total, the scenarios in Tab. I account for 75.4 % out of the
1541 KSI pedestrians recorded by [2].

Objective: Given scenarios (I) - (IV) from Tab. I, design an
AV that maneuvers through the scenarios tracking a trajectory
given a reference path and velocity and, if possible, avoids
collisions or reduces severity, while satisfying Conditions 2.1
and 2.2.

C. Proposed Approach

The proposed AV is designed to navigate through the
scenarios in Tab. I in two modes; first, a nominal mode

IThe pedestrian velocities are not further specified in the data.

crossing right
with sight

obstruction

turning 17.9%

right 18.8%
3.8%
2.2%

Fact sheet accidentology, car-to-pedestrian collisions. The green cars collide with the pedestrians and the white car depicts a physical sight

which applies to all times where no collision is detected, and
second, a collision mode in case a collision is detected. The
characteristics of each mode are described in the sequel.

1) Nominal driving mode: In the nominal driving mode,
the vehicle is performing lateral control, i.e., steering,
of a reference trajectory following the reference path.
Longitudinal control, i.e., gas and brake, is performed
by a human driver. The reference path leads towards a
desired goal location while following the road network.

2) Collision mode: If a collision in the nominal driving
mode is detected, the AV plans AES and autonomous
emergency braking (AEB) maneuvers. Of all possible
maneuvers (including continuing in the nominal mode),
the AV selects the maneuver that minimizes the esti-
mated risk along the trajectory. If an AEB maneuver is
selected, the AV performs longitudinal control. In con-
trast, if an AES maneuver is selected, the AV performs
lateral control.

ITI. ARCHITECTURE
To navigate through the scenarios in the respective driving
modes, we propose the following vehicle hardware and soft-
ware architecture.

A. Hardware Architecture

The hardware architecture of the AV is documented in [23].
Summarizing, the AV is equipped with radar and camera
sensors for environment perception and a global navigation
satellite system with real-time kinematics (GNSS-RTK) mod-
ule to collecting positional data for the validation process.

B. Software Architecture

The software architecture is displayed in Fig. 2. The block
Sensor input represents the processing of sensed data, i.e., HD
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Fig. 2. Test vehicle and test setup (left and background) and software architecture (right). The dashed arrow (right depiction) represents the feedback through

interaction with the environment.

images, 3D radar points, IMU data, and provides the data in
Dy at time k for the Perception and localization block. This
block fuses the sensor data, thereby determining the state of
the AV x,. Also, it detects, classifies, and tracks objects over
time. If a pedestrian is detected, a state x, 4 is appended to the
corresponding state list. Additionally, the road is perceived
(i.e., the position of the lane markings) and all information
about the road and the states of the detected objects are
compiled in W at time k. The block Global and path planning
derives a reference path P that follows the lane center based on
a set of waypoints leading to a goal destination. Based on the
path information P and environment information W, the Ego
trajectory generation block derives (in the nominal mode) a
comfortable ego vehicle nominal trajectory 7", for the AV
to track. If a pedestrian is detected (i.e., a pedestrian state
X, is available), the Pedestrian prediction block predicts the
pedestrian’s future trajectory’ 7, based on the pedestrian’s
current and past information accompanied by a probability
density function of the pedestrian’s configuration (g,,6,) at
each time-step along the trajectory, i.e., {Po‘nlk}nezﬁ;*"' In case
a pedestrian trajectory is available, the Risk-based decision-
making block checks whether the nominal AV trajectory 7,""
and the pedestrian’s trajectory 7, would lead to a collision.
If a collision is detected, the Ego trajectory generation block
is tasked with sampling a set of N; AES and N; AEB ego
vehicle trajectories contained in TA5S = {’73}(53 Ve, TAEE =
{7;‘253 Yien, rtespectively. The collection of all ego vehicle
trajectories at time k given by T, = {7;””’”,7;AES,7;AEB }is
returned to the Risk-based decision-making block. For every
ego vehicle trajectory, the block Risk-based decision-making is
providing information within R containing a risk value for the
trajectory, whether a collision is detected and if so, the position
and time of the collision on the trajectory. The trajectory with
the least risk is selected, such that 7" v ’7;’}(“ v TRER s
forwarded to the Control block. This block is tasked with
controlling the actuation of the vehicle to follow the selected
trajectory. Thereby, a sequence of feed-forward control actions
U, is derived and actuated on the vehicle.

2That is a trajectory in the sense of Definition 2.2, however, it does not
satisfy non-holonomic vehicle constraints.

IV. TECHNICAL DETAILS

This section details the relevant algorithms in our architec-
ture (Fig. 2) for our contributions.

A. Global and Path Planning

A global planning module is required for the local planner
to know roughly which direction to take on the public road.
The objectives of this paper are scoped to show the efficacy
of our architecture in late-detection scenarios for pedestrians.
Therefore, we keep the global planning strategy elementary
while we emphasize deriving feasible paths of that global plan.

1) Global Planning: We assume that the vehicle is sup-
posed to stay within its lane center and that the planning
reference given to the local planner contains a configuration,
ie., rv = (q,,0.), representing the lane center and where
N denotes the prediction horizon of the local planner. Note,
that miscellaneous works in literature have provided efficient
strategies for global navigation of a vehicle [24].

2) Path Planning: The main functionality of the path plan-
ner within the scope of our architecture consists of generating
a dynamically feasible path that is planned in the lane of
interest. The planner used within this architecture is derived
from the work in [25], which uses a model-predictive planner
and derives risk-averse trajectories using artificial potential
fields. As opposed to a local planner, the goal is not to follow
a certain trajectory, defined at each time-step, but to follow a
discrete set of points generated by the global planning strategy
(Sec. IV-A.1). These points mainly assist in route planning
for making general decisions (e.g., turning left or right at an
intersection). The feasibility of the path is governed through
the use of a kinematic bicycle model presented in [26, Eq. (1)],
for which we collect the states in x; € X ¢ R* and the inputs
inupy €Up C R?, where X, Up are bounded sets representing
the state and input constraints, respectively. Such allows us
to ensure the boundedness of the model-predictive program,
as well as imposing, e.g., comfort-driven constraints. On the
public road, a driver and his vehicle are always expected
to follow the lanes and comply with the regulations. For
this purpose, many researchers have augmented the problem
with a potential field [17], [25], [26]. This field analytically
captures the level of safety of driving at certain positions by
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exhibiting a low potential in safe areas (e.g., lane centers) and
a high potential in unsafe areas (e.g., in-between lanes). The
construction of the potential field is further elaborated in [25,
Eq. 5], and results in the mapping .A(xy). The model-predictive
formulation of the path planner is formulated as follows.

kN, —1
VMPC (xp1y) o= IIB)IB Z Cx (X — Fuge)
n=k-+1
kN, —1
+ Z [€u (i) + AQCewp) | +m(Xiqn, —Frtn, ) (1a)
k=n-+1
S.t. Xpk = Xk (1b)
Xpt1ik = f(Cnp Upap)
X € X, 0 ¥nez ™ (o)

Uup,k € Up,

where, in (la), the stage cost £,(-), and the input cost &,(-)
quadratically penalize the control error x; — ry, and the input
upy, respectively. Furthermore, the term m(-) quadratically
penalizes the terminal state at time k + N,. The state xj
in (1b) represents the state of the vehicle at this time. The
function f in (lc) represents the non-linear kinematic bicycle
model dynamics of [26, Eq. (1)]. Finally, the constraints in (1c)
enforce the boundedness of the state x and the input up. The
assumption is that the planner targets a singular goal point set
at a constant longitudinal distance ahead of the vehicle. This
approach is similar to the concept of pure pursuit control [27],
except that potential fields are utilized to shape the remaining
path of the vehicle towards this target point. This allows the
planner greater flexibility by keeping specific decisions, such
as choosing which lane to drive in, open-ended. As a result,
the stage cost £ is used solely to track the desired velocity.
However, the terminal cost is used and is compared with the
goal of the global planner, in this case ry4y,. Note that even
though the planner can accommodate a trajectory (position,
heading, and velocity, mapped in time), only the sequence of
configurations {(qn,Gn)}neziwlvp (i.e., the path) is extracted and
used by the trajectory generator in Sec I'V-C. Furthermore, it is
worth noting that this planner can be extended to the works in
[25] and [26] not only to provide a path that tracks the middle
of the lane, but can also incorporate static and dynamic objects.
This allows us to maneuver around objects before ending up
in a safety-critical scenario, a functionality that would be vital
for levels of automation beyond the scope of the is work.

B. Pedestrian Trajectory Prediction

State-of-the-art trajectory predictors are typically trained
on large, high-quality driving datasets [28]. Such models
assume readily available, accurate sensor data, an assumption
violated by common low-fidelity in-vehicle setups, leading to
performance drops in real deployments [9]. To bridge this gap,
we propose a hybrid architecture: one branch optimized for
high-fidelity inputs, the other for robustness under low-fidelity
conditions.

1) Hybrid Model Architecture: Fig. 3 summarizes our
pipeline. If fewer than three past observations of a pedestrian
are available, we fall back to a constant-velocity (CV) model,

Perception & localization

l
Pedestrian prediction

Situation assessment & model selection
Enough Yes High fidelity
observation? tracking?
lNo Yes / \No
()% LSTM1 LSTM2
!
| Trajectory prediction |
]

Risk-based decision-making

Fig. 3. Overview of the pedestrian prediction module.

which despite its simplicity has been shown to provide compet-
itive results since it describes well average pedestrian walking
behavior [29]. Otherwise, we select between two LSTM
encoder—decoder variants based on tracking fidelity. LSTM1
follows standard design [30]; LSTM2 incorporates modifica-
tions such as noise-aware training and reduced reliance on
rotation to improve robustness to unreliable inputs.

2) Architecture Optimization: We perform grid search over
LSTM layer counts and neuron numbers, evaluating each
configuration by Huber loss on validation data [31]. The
chosen model balances low loss with minimal complexity.
Further details are in [30].

3) Increasing Robustness: To emulate real in-vehicle sen-
sor shortcomings, we inject artificial noise during training,
including sporadic heavy noise on position and heading and
late detections by randomly truncating observation sequences
[9]. Additionally, we disable coordinate-frame rotation to
avoid amplifying heading errors. Tracking fidelity is monitored
online via simple heuristics, e.g., abrupt heading flips or
implausible acceleration spikes, triggering use of the noise-
trained LSTM2 when thresholds are exceeded.

C. Ego Trajectory Generation

The ego vehicle trajectory generation utilizes the infor-
mation provided by the path planning (Sec. IV-A.2) and
pedestrian prediction (Sec. IV-B) modules. It comprises three
subsystems: Nominal driving trajectory generation, AES tra-
jectory generation, and AEB trajectory generation. AES and
Nominal driving trajectory generation use the same planning
method described for the AES case in Sec. IV-C.1. For the
nominal driving case (Sec. IV-C.2), we report solely the
differences to the AES case, i.e., parameterization, sampling
rate, and cyclic replanning. The AEB case is detailed in
Sec. IV-C.3.

1) AES Trajectory Generation: The AES trajectory gener-
ation is based on the trajectory planning approach presented
in [32]. It constitutes a sampling-based trajectory generation
algorithm with its basic structure shown in Fig. 4.

The algorithm calculates sets of evasive emergency
trajectories using a constrained flatness-based trajectory
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Fig. 5. Schematic of the trajectory generator: A constrained flatness-based
trajectory generator using a switched state variable filter (SSVF).
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generator [33], depicted as the embedded box Trajectory
generator in Fig. 4. Therefore, the target lateral displacements
wy, from the path P, are sampled from the interval of possible
lateral displacements Yi. Similarly, maneuver trigger times
tuig are sampled from the interval of possible trigger times
Tyig- The interval of possible lateral displacements Y; spans
from the lane center to the left or right lane border (adjusted
by the vehicle width), depending on the direction of the evasive
maneuver. The sampling interval T, for the maneuver trigger
times spans from the time of trajectory generation (fyiz = 0 s)
to the predicted time-to-collision when following the vehicle’s
current trajectory. During runtime, trajectories for each tuple
of sampled displacement and trigger time are calculated by the
Trajectory generator. By using a vehicle model, the calculation
of each trajectory yields the time evolution of all vehicle
states xﬁ‘z as well as the corresponding control inputs, i.e.,
the steering angle rate §,y, for the planning horizon Z§+N’.

The motion dynamics of the vehicle are modeled by a
continuous-time, time-invariant linear single-track model [32]
where the vehicle state x57 = [8, ¥, ¥, y.,6]T is composed of
the slip angle 8, yaw rate i/, yaw angle ¢, the lateral displace-
ment y;, and the steering angle §. The model input is given
by the steering angle rate 5. The trajectory generator utilizes
the characteristics of differential flatness [34], to generate the
constrained AES trajectories, by mapping all given state and
input constraints to input constraints of a chain of integrators
in a flat state space.

A schematic of the Trajectory gemerator is depicted in
Fig. 5. First, the sampled target lateral displacement wy, is
transformed into its representation in the flat state space w,.
Then, w, is used as a reference for a switched state variable
filter (SSVF) calculating smooth trajectories for the system
states z as introduced in [33].

The SSVF calculates a desired unconstrained system input

Yo = -k 2+ kp1wy, 2)

based on a given state feedback vector kp. Afterwards this
system input is constrained by a cascade of dynamic saturation
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Fig. 6. Exemplary planning of a single AES trajectory including constrained
states using the constrained flatness-based trajectory generator.

functions,’ that restrict the state variables to bounded intervals
in order to fulfill Condition 2.2 as well as to account for actu-
ator limitations. Here, Condition 2.2 is represented by a yaw
rate limitation y/(z) and ¢(z), for the lower and upper bound,
respectively denoted by the lower and upper bar. The actuator
limitations are represented by constraints on the steering angle
(2), 6(z) and the steering angle rate §(z), 5(z). The constrained
system input vy, is then used to calculate the time evolution
of the constraints-satisfying system states z, which in the flat
state space is equivalent to propagating the input through a fifth
order filter integrator chain. Lastly, the resultant trajectories
for the system input and states are transformed back to the
original state space using the linear transformation T for
the states and a flatness-based feedforward controller for the
input, respectively. The output of the Trajectory generator is
a trajectory and input sequence that represents a single AES
trajectory for a specific lateral displacement w;, and maneuver
trigger time fyg.

As the Trajectory generator operates in a Frenet frame [35]
of P, the trajectories are transformed into a global Cartesian
frame by the transformation F, see Fig. 4, prior to further
processing by other subsystems. The output of the overall AES
trajectory generation is a collection TAES = {7;,(55 Yien, of Ny
of sampled AES trajectories.

Fig. 6 shows an illustration of a single exemplary AES
trajectory in the global cartesian frame. In the considered
example, the vehicle is assumed to follow the lane center
(dashed dark blue line) while a pedestrian is crossing the lane
(dash-dotted dark red line), leading to a potential collision.
The lane is 4 m wide and its border is marked as a solid dark
blue line. The lane center serves as the reference curve of
the planner’s Frenet frame. The vehicle velocity is assumed
to be constant at a typical urban driving speed of 13.8 m/s.
Only the most relevant signals are depicted in the graph: the
sampled trajectory (upper graph) as well as the time evolutions

3The saturation functions are dynamic in the sense that their actual bounds
depend not only on the state variable bounds itself, but also on the on the
current system state z.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

TOLKSDOREF et al.: ENHANCING PEDESTRIAN SAFETY THROUGH AUTOMATED EMERGENCY STEERING 7

of the planned lateral offset y;, yaw rate ¢, and the steering
angle gradient § (lower graph). The example demonstrates the
planners capability of planning AES trajectories that satisfy the
given controllability constraints on the yaw rate y/(z), ¥(z) as
well as actuator constraints in terms of the steering angle rate
4(2), 6(z). We highlight that the simulation result shows effec-
tive constraint exploitation as the dynamics are maximized for
the evasive maneuver, underpinning the effectiveness of the
chosen approach.

The overall algorithm is capable of performing cyclic trajec-
tory replanning during an AES maneuver to adapt the actually
driven vehicle trajectory to environmental changes, such as
changes in the pedestrian’s motion. During the execution of an
AES maneuver, the trigger time is fixed to the current time, and
only the sampling of target lateral displacements is continued.

2) Nominal Trajectory Generation: When there is no need
for emergency maneuvering, nominal trajectories are gen-
erated to follow the path planned by the path planning
module (see Sec. IV-A.2). The nominal trajectory planner uti-
lizes the constrained flatness-based trajectory generator from
Sec. IV-C.1 with a less dynamic parameterization of the SSVF,
i.e., different kp, and with a target lateral displacement of
wy, = 0 m. Additionally, only a single trajectory per planning
cycle is calculated instead of sampling a set of trajectories.
A cyclic replanning of nominal trajectories is performed
throughout the driving operation, which generates the behavior
of a low-frequency closed-loop path-tracking controller.

3) AEB Trajectory Generation: The current nominal tra-
jectory is used as the basis for the AEB trajectory. The
point in time at which the AEB shall bring the vehicle into
standstill is determined via the predicted time-to-collision
on the nominal trajectory. The AEB trajectory is calculated
including a given safety distance between the planned vehicles
location of standstill and the predicted location of the collision.

D. Risk-Based Decision-Making

A quantitative assessment of the set of possible trajectories
is necessary to decide which trajectory to pursue. By design,
however, a set of trajectories is only sampled if a collision on
a nominal trajectory is detected. Thus, collision checking is
required before assessing trajectories with a risk measure.

1) Shape Approximation and Collision Checking: Since
the ego vehicle’s and pedestrian’s predicted trajectories are
calculated assuming point masses, we model their footprints
with circles, of which we can check for collisions. We utilize a
circular shape approximation proposed by [36] for each actor,
where the ego vehicle is approximated by three circles and the
pedestrian by a single circle. Clearly, checking if two circles
collide is computationally efficient as it only requires verifying
that the distance between two circle centers is less or equal
than the sum of both radii. Provided with the geometric center
of the ego vehicle g, ., the circles shall be placed such that the
rectangular footprint of the ego vehicle is entirely covered by
the circles. Having three circles of equal radii, we assign one
to be frontal circle, one middle circle, and one rear circle. The
inter-circle distance d. and the ego vehicle circle radii r, for
a three circle covering can be found in [36]. As a shorthand

we denote 8 € {f,m,r} for the front, middle, and rear ego
vehicle circle, respectively. This yields the respective inter-
circle distances dgx = [1q, 5 — 4, Il from the centers of the ego
vehicle’s circles g, 4, to the pedestrian’s circle center ¢, , at
time k. We can check for collisions for each ego circle with the
pedestrian’s circle, with radius r,, with the indicator function

1 lf ”qe,ﬁ,k - q(),k” S rg + ro,
0 otherwise.

I(qe,ﬁ,k’ qo,k) = (3)

Given an ego vehicle trajectory 7,°7°, where type €
{nom,AES, AEB} and an object trajectory, we can check each
time-step for a collision with (3). For clarity, we denote at least
one collision among a pedestrian and an ego vehicle trajectory
as C"”P¢ =1 and, contrarily, C”?¢ = 0 if no collision occurs.
2) Risk Estimation: The specific system design for late
detections of pedestrians faces the challenge of inaccurate
pedestrian trajectory predictions. Thus, we utilize a proba-
bilistic risk measure, considering the level of uncertainty in
the predictions. We use the risk definition of [37]. Herewith,
risk is understood as the expected severity of an event, i.e.,
the event of a collision. The severity of a collision with the
pedestrian’s circle and an individual ego circle measured by

1
35 0Vess Vox) = Wy |(mev2, —moviy)] 4

where m,,m, € R, are the masses of the ego vehicle
and pedestrian and Wy € {W;, W,, W,} is a non-zero posi-
tive weighting factor. The weighting factor allows to assign
different severities to the individual ego vehicle circles. In
case of an unavoidable collision, that allows to tune the ego
vehicle to prefer collisions with any of the circles, since
the accident severity also depends on the point of impact
[38]. Denote p, , the probability density function associated
with the pedestrian’s position g,,. For any PDF the risk
can be estimated by applying Monte Carlo sampling (MCS).
Therefore, the indicator function (3) is utilized, with which
we approximate the risk (see [37, Eq. 1]) by the law of large
numbers, where g, ;, is one of N; samples drawn from the
density p, . Furthermore, as multiple ego vehicle circles can
collide simultaneously with the pedestrian’s circle, we select
the ego vehicle circle that maximizes the severity. This leads
the risk at time k to be estimated as

Ny

max  Sg(Vek, Vo) — 1 ,q, )~ Ry. 5
LA S5V Vor) 3 ]Zl Qepr o) ~ Rie )

For a trajectory 7”7, we obtain the total risk Ry, by

summing the predicted risk R, over the prediction horizon
Zl,iflv” of the trajectory.

3) Decision-Making: The decision-making process is illus-
trated in Fig. 7. Here, we distinguish between four maneuver
states (depicted as solid line boxes): Nominal driving, Nom-
inal driving (collision predicted), AEB maneuver, and AES
maneuver. Within the state of Nominal driving, no collision
on the nominal trajectory has been predicted, i.e., C"" = 0,
and thus no emergency trajectory planning is needed. In the
state of nominal driving (collision predicted), a collision on
the nominal trajectory has been predicted, i.e., C"*" = 1, (and
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Fig. 7. Decision-making process. The solid line boxes represent driving states
and the dashed line boxes depict the conditions for state transition, adapted
from [30].

the trajectory planners for the AEB and AES trajectories have
been activated) but not all information needed to decide on
the scheduling of the following maneuver is available yet. The
required information are sets of TA%S and TAFP trajectories
and their respective risk values R;. If for each of the N; AES
trajectories, N, AEB trajectories, and the nominal trajectory a
total risk estimate R/’ is present, we select an AES maneuver
if
c"m = 1A

AES AEB AES nom
EIieZZIV’ vlezfl"L [(Rt()t,i < Rmz,l ) A (Rrot,i < Rmz ]

Contrarily, we select an AEB maneuver if
c"m = 1A

AEB AES AEB nom
EIleZIIVL Viez,N' [(Rmr,l < Rtot,i ) A (Rmt,l < Rtot )]

Once in the AES maneuver state, the system can transition
into the Nominal driving state, if no collision is present on the
nominal trajectory. Alternatively, it can also transition into the
AEB maneuver state if, given an updated set of all trajectories,
i.,e., Tox+1, the AES trajectories collide and there is an AEB
trajectory with less or equal risk, i.e.,

CHES = 1 AT Y [REEP < ROESY.

leZ’IVL tot,l tot,i
Once within the AEB maneuver state, the ego vehicle can only
transition into the Nominal driving state, provided there is no

collision on the nominal trajectory and it is in a standstill.

V. EVALUATION METHODOLOGY AND RESULTS

This section is split in two parts: first, we present the
evaluation methodology and results of the individual modules
in order as they are presented in Sec. IV and, second, we
present the experimental evaluation and results of the overall
system. Note, that additional results can be found in [39].

A. Path Planning: Evaluation Methodology

Although the path planning module, as described in
Sec. IV-A.2, is capable of following various road structures,
the objective for the experimental validation is to set the
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vehicle in a repeatable initial condition at the time of triggering
AEB/AES. Therefore, the vehicle must be directed toward
the center of the lane, regardless of the initial condition at
the beginning of an experiment. We emphasize that the path
planner must generate paths that are kinematically feasible for
the trajectory generator to track. This may not be achievable
solely on the basis of the initial lane center measurement
of the sensors, especially if there are significant deviations
from the vehicle to this reference point. However, we use
the lane reference, obtained from measurement data, as a
benchmark in this performance analysis. We quantify the path
planner’s performance with the following key performance
indicators:

a) Lateral deviation between the terminal state coordinates
and the lane center coordinates. This quantitatively
describes the fact that the path should be long enough to
steer the vehicle back to the center of the lane. Further,
in the terminal state, the vehicle should be aligned in
both its lateral position and orientation with the lane
center.

b) Update rate: Experimental validation has shown that the
sufficient update rate for replanning a path is 1 Hz.
The second KPI is defined as the difference between
the desired and the achieved replanning frequency. If the
desired update rate is not achieved, the resulting path
may be outdated with respect to the current situation,
and system performance and repeatability cannot be
guaranteed.

B. Path Planning: Results

a) Lateral Deviation: Fig. 8(a) shows all computed paths
(red) together with all line observations over the entire record-
ing time (blue), for one of the validation runs. The testing takes
place in the center of a three-lane roadway. The left and center
lanes, as shown in the top and middle in Fig. 8(a), serve as
driving lanes and are each 4 m wide. Conversely, the right lane,
shown at the bottom in Fig. 8(a), acts as an emergency lane
with a width of 4.5 m. Note that the line observations are not
always accurate, due to, among others, partial lane occlusion,
faded paint, or observation delays. Further, the missing line
measurements in Fig. 8(a) at an x-position of 55 m and
y-position of 7 m are explained by the lane processing
algorithm, belonging to the used camera sensor, which is
only optimised to detect the ego’s lane (road markings at a
y-position of + 2.25 m) and not the lane markers besides
the ego lane. It is important to mention that good quality
ego-lane readings are sufficient within the framework of this
experimental study, as we focus solely on in-lane AES. For
this analysis, the lane center estimations from the perception
system are considered ground truth. The lateral distance to
the center of the closest lane at the end of the calculated path
is depicted in Fig. 8(b). At time instance k = 95, the right
lane marker is not observed, leading to a temporary absence
of the correct lane center and consequently to an increased
lateral error of a full lane width. We omitted the resulting
outliers in Fig. 8(b), because they were caused by an erroneous
perception. The maximum error is approximately 0.2 m and
the average error is 0.033 m.
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Fig. 8. (a) All lane observations and planned paths from a single validation
run. (b) Path planning lateral error with respect to the lane center with omitted
outliers at k = 95, for a single validation run.

b) Update Rate: The required update rate for the planner
is 1 Hz.* The mean frequency achieved for 10 test runs is
0.99995 Hz (std. 0.00061 Hz).

Given the context of our application, the lateral deviation is
sufficiently small and the update rate is adequate, as the path
only accounts for static objects (see Definition 2.1).

C. Pedestrian Prediction: Evaluation Methodology

To evaluate the performance of the developed prediction
model on a wide variety of pedestrian trajectories, we use
the Waymo Open Motion Dataset (WOMD) [40], a publicly
available dataset for this purpose. During training, WOMD’s
training split and two-thirds of the validation split are used,
while one-third of the validation split is reserved for the
final evaluation, consisting of 40930 pedestrian trajectories.
To assess the robustness of the models, similar levels of
noise as measured in-vehicle are simulated and added to the
validation data, and the baseline and robustified models are
compared. The baseline and robustified models refer to the
optimized architectures of LSTM1 and LSTM?2, respectively,
as described in Sec. IV-B. We report the Euclidean distance
between the predicted and true trajectories, commonly known
as the final displacement error (FDE) [28], and the standard
deviation (std.) of the prediction errors. For a more complete

4Note that this is not the maximum update rate of the software, as the
planner has been running on 10-15 Hz as well on the same embedded
hardware. However, to save computational resources, without hindering the
overall performance of the system, the update rate is limited to 1 Hz.

TABLE I

PREDICTION ERRORS (FDE AND STD. IN METERS) OF THE BASE AND
ROBUSTIFIED MODELS WITH HEALTY AND NOISY INPUT DATA

Prediction horizon [s] 0.1 1.1 3.1 5.1 7.6
Healy FDE 007 018 06 119 216
Base Y std. 008 019 066 129 217
model Noi FDE 027 101 263 433 648
oY sd. 0.6 067 191 3.3 455
Healhy FDE 018 02 061 119 211
Robustified Y std. 006 019 068 134 231
model Nesiy FDE 029 033 078 141 237
OSIY  sd. 015 022 069 134 231

TABLE Il

PREDICTION PERFORMANCE DEGRADATION OF THE BASE AND
ROBUSTIFIED MODELS WITH NOISY INPUT DATA

Prediction horizon [s] 0.1 1.1 3.1 5.1 7.6
Base % AFDpE 285.7 461.1 3383 2639 200
model %A 100 252.6 1894 1426 109.7
Robustified  %Appe 61.1 65 27.9 18.5 12.3
model % Aga. 150 15.8 1.5 0 0

assessment, these metrics are reported at multiple prediction
horizons, ranging from 0.1 to 7.6 seconds.

Additionally, to get an intuition of the performance degrada-
tion of a model, we report the relative increase of the model’s
FDE and std. when using noisy input data. Let M denote any
metric of interest, in our case either FDE or std. Then the
relative increase of M, %A, when using noisy input data,
is given by
Mnoisy - Mhealthy

Mhealthy
With this metric, a relative FDE increase of 100% would
signify that the model’s FDE increased 100% its original

value. In other words, when using noisy data, the FDE is twice
as much as when using healthy data.

DA = - 100. (6)

D. VRU Trajectory Prediction: Results

Tab. II and Tab. III present the results of the compari-
son between the baseline model and the robustifed model.
In Tab. II, the FDE and std. of the prediction errors are
summarized. Tab. III summarizes the relative performance
degradation of the models given by (6). As can be seen in the
tables, the base model outperforms the robustified model for
short- to medium-prediction horizons when using healthy data.
It seems the robustified model learned it cannot fully rely on
the accuracy of the perception module and erroneously offsets
the predicted object’s position. For longer prediction horizons
(i.e. 7.6 s), the robustified model outperforms the base model.
However, with imperfect data the performance of the base
model rapidly degrades, reaching an FDE of up to 6.48 m
(+ 200%) and std. of up to 4.55 m (+ 109.7%). However, its
greatest performance degradation is seen at shorter prediction
horizons of 1.1 s, with an FDE and std. increase of + 461.1%
and + 252.6% respectively.
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Similarly, the robustified model reaches its greatest perfor-
mance degradation at short prediction horizons. At 0.1 s, its
std. changes +150% and at 1.1 s, its FDE changes +65%,
which is significantly lower than the performance degradation
of the base model. Additionally, as the prediction horizon
increases, the performance degradation is reduced, reaching a
change of +12.3% in FDE and no change in std. for the longest
horizon of 7.6 s. Summarizing, the robustified model presents a
significant improvement over the base model, especially under
noisy input data, as found in the presented real-world driving
scenarios.

E. Ego Trajectory Generation: Evaluation Methodology

The evaluation of the trajectories generated for the ego
vehicle as described in Sec. IV-C is performed in the context of
trajectory tracking control. The evaluation assesses the amount
of error that needs to be regulated by a trajectory tracking
controller. For doing so, the generated trajectories along with
the generated control input are treated as a reference. The
evaluation uses AES trajectories only, as those exhibit the
highest lateral dynamics. Thus, the results should indicate
the upper limit to the potential errors that a trajectory tracking
controller would be faced with regulating. A dataset of 44 AES
maneuvers was collected [39]. The maneuvers were executed
at a vehicle speed of 13.8 m/s, the lateral displacement of the
evasive maneuver is set to 1 m, and the trajectories are sampled
with a sampling time of 20 ms. The AES maneuvers in the
dataset are driven without replanning, as such the generated
control input is applied feedforward throughout the entire
duration of a maneuver (approximately 1500 ms). As higher
replanning frequencies are typical in practice, we calculate the
errors occurring in a moving horizon with a length of N = 10
by the following measures. The planned state is provided by
the single-track model from Section IV-C.1, i.e., x}" at time-
step k. Denote the measured state vector at time-step k as
x;°. To estimate the error occurring in a moving horizon, we
denote Ax,; = Ax‘yﬁl‘:‘as - szll{, with Axglll‘:as = X% — x°* and
AxSi = x}T - x3T, as the error at time-step n with n € Zy*".
Within the horizon, each Ax,; is computed and sorted into
bins of a histogram. The horizon is then shifted forward by one
time-step, and the errors Ax,; for all instances in the horizon
are again computed and sorted into the histogram’s bins. Once
the horizon is moved over the entire trajectory, the process is
repeated for the next trajectory of the dataset. Therefore, the
histograms estimate the potential errors a trajectory tracking
controller is faced with, given a control cycle of up to 200 ms.

F. Ego Trajectory Generation: Results

The state variables for this evaluation are the lateral dis-
placement y;, the yaw angle ¢, and the steering angle ¢, to
assess if the vehicle can perform the planned steering behavior.
The histograms for these variables are depicted in Fig. 9.
The bin sizes are set for an accurate representation of the
data. Further, the data is presented in relative frequency by
dividing the number of entries in each bin by the total number
of entries per time instance. In addition to the estimated
relative frequency for the deviations, the overlayed solid lines
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Fig. 9. Time evolution of the deviations from planned to measured AES
trajectories within an assumed replanning cycle of 200 ms.

Median

indicate the medians of the respective states and the dashed
lines display the bounds of the 68.28 % confidence intervals
(Clgg(+)) centered around the medians.

The deviations of the steering angle show a distribution
with a median of about O for all times and yield a maximum
confidence interval of Clgg(AS) = [-3.9,8] x 1073 rad. The
deviations of the vehicle’s yaw display an approximately
linear increase of the median over the time of the assumed
replanning cycle up to about 9 X 107* rad (Cleg(Ay) €
[-2.3,5] x 1073 rad). We find a systematic error between
the planned and measured trajectory, which is also reflected
in the distributions of the lateral deviations. Here, the median
increases up to 3.6 cm and the 68 % confidence interval is
Clgs(AyL € [-7 X 1072, 6.4]cm). The cause of this error is an
offset in a sensor reading of the test vehicle that was used
to drive the AES maneuvers and has been discussed in [39].
Even including this systematic error, the planned trajectories
are estimated to be followed within a lateral accuracy of better
than 7 cm using the planned steering angle as a feedforward
control input only. We, therefore, conclude that the planned
trajectories and control inputs are well suited as a reference
for a feedforward trajectory tracking controller.

G. Risk-Based Decision-Making: Evaluation Methodology

The objective of the following analysis is to evaluate the
decision-making performance of the proposed algorithm (see
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Fig. 10. Simulation workflow to asses the decision-making performance under uncertainty.

Sec. IV-D) under varying levels of uncertainty in the pedestrian
prediction stand-alone. To evaluate the performance of the
proposed probabilistic risk estimation algorithm, we compare
the performance against a deterministic baseline algorithm.
The baseline is retrieved from [41], where the risk, denoted Ry,
is described as a potential field depending on the distance to
and the severity of the risk-inducing object at time k. Distance-
based or time-based (e.g., time-to-collision) risk measures are
state-of-the-art in many algorithms in AVs [42]; however, none
of them considers uncertainties in predictions and estimations.
Note that we used the absolute value of [41, Eq. 2] and applied
the same parameterization and severity measure as with our
probabilistic approach.

The simulation setup is depicted in Fig. 10. The evalu-
ated scenarios are pedestrian crossings from the right. The
ego vehicle is traversing along the nominal trajectory (see
Fig. 10 I), and at each discrete time instance, it is tasked
with deciding whether to continue on the nominal trajectory
or to perform either an AES or an AEB maneuver, hence at
each time instance, steps II - IV in Fig. 10 are performed.
However, for this simulation, the decision is never executed,
and the vehicle continues on the nominal trajectory in the next
time instance. Note that we infer the ground truth decision at
each time instance from our setup, since the actual pedestrian
trajectory is predetermined in the simulation, i.e., walking
straight with constant velocity across the road. The ground
truth decision is based on the ground truth collision check
and if a collision is unavoidable, the maneuver with the least
severity (i.e., lowest value of (4)) is chosen as the ground-truth
decision.

The second step in the simulation is depicted in Fig. 10 II.
Here, the objective is to generate predicted pedestrian trajecto-
ries with varying levels of uncertainty within the prediction. To
obtain physically plausible trajectories, we employ a constant
turn rate and acceleration (CTRA) model for the pedestrian

(see, e.g., [43]). The inputs to this model are the turn rate
and the acceleration (direct along the heading axis of the
pedestrian). To model many different pedestrian behaviors,
we choose to draw the pedestrian’s inputs from Gaussian
distributions and sample trajectories from these inputs for
different uncertainty levels.’ We generate different uncertainty
levels by parameterizing Gaussian distributions with identical
means but distinct standard deviations. The mean represents
the pedestrian’s ground truth input. Given that method, we
generate a sample set of 100 pedestrian trajectories for each
uncertainty level. For each sample set, we quantitatively deter-
mine the variance ZZi’k in the output, i.e, position and heading,
at each time instance of the pedestrian’s trajectory. Lastly,
we draw a single trajectory from the sample set for each
uncertainty level with its associated variances, representing a
sample of an uncertain trajectory prediction.

The third step (see Fig. 10 II) performs the decision-
making for each uncertainty level. Here, we embed both
the probabilistic and deterministic algorithm. With the risk
estimate of each algorithm and the collision check for the
nominal trajectory, we decide separately with both algorithms
according to our decision logic (see Fig. 7), which maneuver
option to select.

The fourth and last step (see Fig. 10 IV) then compares
the decisions of the probabilistic and deterministic algorithms
with the ground truth decision, and thus determines whether
an algorithm has made the correct decision. This comparison
is done for each uncertainty level. Finally, the ego vehicle is
traversed along the nominal trajectory for one time-step, as
well as the pedestrian on its predetermined trajectory, and the
entire process is repeated for the next instance.

SNote that we chose Gaussian distributions, as we wanted the pedestrian’s
trajectory to be close to the mean for low uncertainty and symmetrically
varying around the mean with increasing uncertainty. After all, this remains
a modeling choice, and other distributions may also be admissible.
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Fig. 11. Results risk-based decision-making, the dotted graph shows a deactivated collision check for the probabilistic algorithm. Each data point represents
the percentage value of 200 decisions, i.e., the amount of time-steps in the simulation, which considers 20 s of driving with the ground truth collision at 9.9 s.
We linearly grew the standard deviation in each input from 0.001 for uncertainty level O to 5 for uncertainty level 100.

H. Risk-Based Decision-Making: Results

The results of the risk-based decision-making module are
displayed in Fig. 11. Here, the left plot simulates a scenario
where the pedestrian collides in the center of the ego vehicle’s
front, whereas the right plot simulates a scenario where the
pedestrian collides with the right front corner of the vehicle.
While the solid lines display the results as discussed in the
previous section, the dotted line corresponds to a deactiva-
tion of the collision check for the probabilistic algorithm.
Although the collision check is embedded before the risk
is estimated to reduce system load in real-world operation,
we are interested in understanding the potential performance
degradation such collision check may introduce. We reason
that randomly drawing a pedestrian trajectory can lead to
false collision checks, especially when drawing from high
uncertainty levels. The deterministic algorithm cannot operate
without the collision check, as it would always decide for AEB
maneuvers, no matter how distanced the pedestrian is. This
is because minimal deterministic risk is achieved when the
ego vehicle’s velocity is zero, as the distance-based risk never
fully vanishes. In contrast, probabilistic risk estimation can
operate without a collision check. Deactivating the collision
check for the probabilistic algorithm increases the decision-
making’s robustness, as can be seen in the offset of the dotted
graph in both plots. Given the centered collision point, it can
be seen that the probabilistic algorithm always outperforms the
deterministic algorithm. Generally, the deterministic algorithm
tends to falsely decide for AES maneuvers, as those increase
the distance to the pedestrian, explaining the difference in the
left plot, where the collision is in most cases best avoided by
AEB. Also, the same explanation holds for the lowest level of
uncertainty, where the deterministic algorithm does not achieve
100 % correct decisions. For the front right collision point,
both algorithms decide very similar with the nominal collision
check, however, as with the center collision point, the potential
of the probabilistic algorithm is vastly improved when the
collision check is deactivated. Concluding, the probabilistic
algorithm without collision checking is remarkably robust
against uncertainty.

1. Experimental Evaluation

In the following, we present our test scenario in which
the subsequent run-time measurements are conducted and the
overall system is evaluated.®

®Footage from experimental testing can be seen here: https://
www.youtube.com/watch?v=SjPPolOMHc8

. T®.5S

Nomiral

variable distance

sight obstruction

Fig. 12. Test setup, pedestrian crossing with variable sight obstruction.

1) Experimental Test Scenario: Our test scenario is in
accordance with Sec. II-B and depicted in Fig. 12. To ensure
the best possible repeatability, we employ a pedestrian dummy
system. This system operates on a freely moving board, which
follows preprogrammed trajectories leading to a predetermined
impact point with the test vehicle. Additionally, the dummy
system receives live positioning data of the test vehicle.
A controller adjusts the dummy’s velocity such that minor
deviations of the velocity of the oncoming ego vehicle can
be compensated for and the impact point remains consistent
over multiple test runs. As depicted in Fig. 12, the scenario
represents a pedestrian crossing, where a sight obstruction
determines the detection time of the pedestrian. The sight
obstruction is placed at varying distances, such that early and
late detections are tested. For all tests, the nominal ego vehicle
velocity is kept at 13.8 m/s and the pedestrian velocity at
1.67 m/s. Two lane widths are tested, i.e., 3.5 m and 4 m.

2) Run-Time Analysis of Risk Estimation and Trajectory
Planning: The computational effectiveness of the risk esti-
mation and trajectory planning framework is assessed by
the analysis of extensive runtime measurements using the
demonstrator vehicle. The analysis presented here is based
on [32] and [39]. The data consists of 86 AES scenario test
drives, resulting in 288 executions of the AES planner or,
respectively, the calculation of 5708 trajectories. Trajectories
are calculated with a time-discretization of 20 ms and an
average planning horizon of 3.22 s (std. 0.78 s). By analysis
of information from the logging system, an average runtime
per calculated trajectory of Ty, := 176 mus (std. 34 mus)
is determined. The evaluation of the risk function Ry, for
each trajectory sample at each time-step additionally adds
significant to the overall runtime performance. An average
runtime per trajectory of Ty := 930 mus (std. 240 mus) is
determined for those evaluations in the demonstrator vehicle.
As a conservative assessment, the average runtime per sampled
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Fig. 13. Results: Overall system performance. The upper row (a) - (c) corresponds to the system response for accident avoidance maneuvering with sight
obstruction (4 m lane width), and the lower row (3.5 m lane width) represents the accident avoidance rates (d) and collision impact conversion (e). While
the upper row tests the decision-making performance (i.e., the logic of Figure 7 enabled), the lower row corresponds to test runs with only one emergency
maneuver option available to the vehicle (i.e., the logic of Figure 7 disabled and one maneuver pre-selected). Thus, the avoidance potential of AES and AEB
could be evaluated separately. Note that the leftmost entries in (d) and (e) correspond to runs without sight obstruction. In (d), the numbers above the bars
indicate the number of tests leading to avoidance in the respective setting. In (e), the left y-axis represents the vehicle’s velocity in cases where the AEB did
not avoid a collision, and the right y-axis corresponds to the side impact location for cases where the AES did not avoid a collision. Here, O represents the

front end, and 1 represents the rear end of the vehicle’s side.

trajectory can be estimated according to

7J\ES

traj

= Tyaj + Trisk = 1.10 ms(std. 0.27ms),

where perfect correlation of 7,; and 7y is assumed, leading
to a linear combination of the respective uncertainties. No
specific measures for runtime optimization are implemented in
the calculation of trajectories and risk function, such that there
is a high potential for 7" to be further decreased once opti-
mizations to a specific computlng hardware are performed. The
AES trajectory replanning cycle of the demonstrator vehicle
is 200 ms. It is thus assessed, that about 120 AES trajectories
can be calculated per planning cycle at a confidence level of
about 95 %. We conclude that the runtime is sufficiently low
for time-critical maneuvering in the investigated use case.

3) Decision-Making for Accident Avoidance: The objective
is to experimentally evaluate the decision-making performance
of the test vehicle. Therefore, we set up the sight obstruction
(see Fig. 12) so that only one maneuver option out of nominal
driving, AES maneuver, and AEB maneuver, is desired, similar
to the simulation study from Sec. V-H. To trigger an AEB
maneuver, the distance of the sight obstruction to the road is
3.65 m. For an AES maneuver, the distance is 1.25 m, since
at this distance, the stopping time to a standstill for an AEB

maneuver would exceed the time-to-collision. The distances of
the sight obstruction is specified experimentally, as the exact
response of the system is challenging to determine due to noise
and delays in the perception, computation, and brake actuation.
Therefore, the decision is subject to the response and environ-
ment of the entire system, compared to Sec. V-H, where the
risk-based decision-making was evaluated stand-alone with a
precisely known correct decision. For the AES and AEB test
cases, the collision point is defined at the front right corner
of the test vehicle. To test the nominal system response, the
dummy is programmed to pass closely before the ego vehicle
without colliding. The results are provided in Fig. 13(a) - (c).
For the AEB scenario (Fig. 13(a)), the system did successfully
avoid a collision with the desired AEB maneuver for 64.7 %
of test runs. The system avoids most collisions for cases
with significant sight obstructions, where AES is the preferred
option (Fig. 13(b), wherein 88.2 % of cases, a collision is
successfully avoided with the desired AES maneuver. In the
case where the pedestrian walks closely before the vehicle
passes (Fig. 13(c)), the vehicle responds with a 50 % false
positive rate. Given the uncertainty, noise, and system delays,
a significant false positive rate is expected when the dummy
passes very closely to the vehicle. As collision avoidance is
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prioritized, we believe conservative decision-making in close
encounters yields a safety benefit.

4) Accident Avoidance Rate Per Maneuver: To obtain
the accident avoidance rates for the individual avoidance
maneuvers with different obstruction distances, we restrict the
system only to perform one maneuver option besides nominal
driving, i.e., AES or AEB (contrasting to Sec. V-1.3, where all
maneuver options where permitted). Such allows for analyzing
the AES avoidance potential for cases where the AEB cannot
avoid an accident, i.e., extending the field-of-effect of state-
of-the-art advanced safety features. The sight obstruction is
placed in such a way that 1 m, 1.5 m and 2 m of lateral
distance between the sight obstruction and the lane border
remain (see Fig. 12). As a reference, the scenario is also
tested without any sight obstruction. Fig. 13(d) shows both
AES and AEB avoidance rates for the different settings of
sight obstruction. The exact number of corresponding runs is
given at the top end of each bar. Note that the number of
repetitions varies for the different obstruction settings. The
figure shows a higher AEB avoidance rate than the AES
avoidance rate for cases without sight obstruction and for 2 m
sight obstruction distance. For the closer obstruction distance
of 1.5 m, leading to a later trigger time for the systems, the
AES avoidance rate exceeds the AEB avoidance rate. Only
one AES intervention avoids an accident for 1 m obstruction
distance. As expected, both AEB and AES avoidance rates
decrease with closer obstruction settings.

5) Collision Impact Point and Velocity: We used the test
setup from Sec. V-1.4, to analyze the impact constellation
for cases, where the system could not avoid a collision with
a given maneuver option. The impact velocity was reduced
for all cases where the AEB did collide; likewise, for all
cases where the AES did not lead to complete avoidance,
the collision was converted from a front to a side collision.
Fig. 13(e) displays the AEB impact velocity (left y-axis) and
the AES side impact conversion (right y-axis). While for the
base case, i.e., without sight obstruction, and for the 2 m sight
obstruction case, the AES impact points were notably skewed
towards the rear of the vehicle, for the 1.5 m and 1 m case the
impact points where scattered across the vehicle’s side, with
the same approximate mean impact point.

VI. DISCUSSION

The results are manifold; on the one hand, simulation
studies show the benefits of our proposed prediction and risk-
based decision-making module; on the other, we analyze the
system’s real-time capabilities, and demonstrate the system’s
functionality as well as safety benefits in a representative real-
world driving scenario.

The prediction model (Sec. V-D) exemplifies that state-of-
the-art models from literature display insufficient performance
on noisy data, as found in real-world applications. Our
proposed approach improves the prediction performance by
robsutifying against perception noise, often caused by the lack
of object tracking history, as found in our sight obstruction
scenarios.

In Sec. V-H, we analyzed the decision-making performance
of the proposed probabilistic risk-based method and compared
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it to a distance-based risk measure. We found that deterministic
collision checking, in fact, reduces the decision-making quality
for our probabilistic risk measure. Our proposed probabilistic
risk estimation exhibits strong robustness against uncertainty
whenever the collision check is removed, which, in that case,
demonstrates a significant improvement over the comparative
distance-based risk measure. We speculate that the removal
of deterministic collision checking in uncertain environments,
i.e., the real world, can thus be beneficial for the safety of the
deployed system.

To account for real-world deployment, we also analyzed the
run-time of our system. Our proposed MPC-based path planner
(Sec. V-B) satisfies our update rate needs while displaying
sufficiently low lateral errors in its planning tasks. Here,
accounting for dynamic objects with the path planner would
be feasible, as we could increase the update rate significantly.
Similarly, it is argued that the generated trajectories and input
signals are well suited as the expected planning errors remain
small (Sec. V-F). As a pipeline, the risk estimation, trajectory
planning, and decision-making execute their tasks in a sat-
isfactory time (Sec. V-1.2). As such, the presented approach
can be considered real-time capable for the investigated highly
time-critical use cases.

The real-world accident avoidance performance (Sec. V-1.3)
displayed the desired behavior in most test runs. Our system
was tuned to be conservative, which exhibits a significant
false-positive rate for close misses. Furthermore, the avoidance
rate of the respective emergency maneuver was experimentally
studied (Sec. V-1.4). Here, we found real-world evidence that
AES can generate an additional accident avoidance poten-
tial in crossing pedestrian scenarios with sight obstructions
compared to state-of-the-art AEB systems. Also, while the
AEB reduced the impact velocity in unavoidable collisions,
the AES converted these cases to side collisions in all cases,
potentially decreasing the collision severity significantly. Due
to using a pedestrian dummy on a non-stopping platform, we
speculate that a human pedestrian is less likely to walk into a
vehicle’s side. Additionally, even if a human collides with the
vehicle’s side, we speculate that the associated harm is reduced
(compared to a frontal collision), as accidentology [38] shows
that the percentage of KSI pedestrians is approximately half
that between a front and a side collision, located a meter
behind the vehicle’s front. For accidents to the rear half of
the vehicle’s side no data, i.e., no accidents, are among the
n = 1805 cases recorded in the database. With the additional
data, the results indicate that the AES system may reduce the
harm incurred by pedestrians by converting frontal into side
collisions.

VII. CONCLUSION AND FUTURE WORK

This work focuses on automated vehicle technologies that
have the potential to improve pedestrian safety. Therefore,
car-to-pedestrian accidents are derived and, subsequently, a
system design comprised of a model predictive control-based
path planner and trajectory generator is proposed to avoid
such accidents. We propose a robustified pedestrian prediction
model, providing predictions with associated estimated uncer-
tainties to a risk-based decision-making module, that works in
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a closed loop with the trajectory generator. We compare some
of our algorithms against state-of-the-art algorithms, analyze
run-times, and evaluate the system’s accident avoidance capa-
bilities in real-world testing.

We find: 1) our proposed system run-time is sufficiently
fast for time-critical maneuvering, 2) our robustified prediction
model outperforms a state-of-the-art model by accounting
for noisy data and late detections, 3) the probabilistic
risk measure improves the decision-making when compared
to a deterministic model in the presence of uncertainty,
4) deterministic collision checking acts as a significant bottle-
neck to the decision-making performance under uncertainty,
5) the effectiveness of autonomous emergency steering (AES)
is demonstrated, extending emergency maneuvering beyond
braking, 6) we reduce accident severity in the presence of
unavoidable collisions, AES is found to convert frontal colli-
sions to side collisions, which are generally associated with
less killed or severely injured pedestrians.

For future work, we suggest increasing computational
efficiency in risk estimation; while sufficient in our implemen-
tation, Monte Carlo sampling will become a computational
burden in more complex scenarios. The path planning algo-
rithm could include dynamic objects and connected agents,
such that navigation in complex multi-agent environments
becomes viable by the path planner. While our AES func-
tionality improves emergency maneuvering, the scope of
the system could be extended (e.g., out-of-lane evasions or
cyclists crossing). However, when doing so, it is important to
ensure that hardware equipment, and in particular the sensor
signal processing, satisfy the extended operational design
domain of such a system. Regarding deployments in real-
world environments, the software architecture would benefit
from redundancies, and the perception and road user prediction
algorithms must be suited, robust, and trained to accommodate
more complex scenarios and road user behaviors.
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