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Abstract— This paper presents a velocity planning method for
autonomous vehicles (AVs) to guarantee safe interactions with
pedestrians at unsignalized crosswalks and with surrounding
vehicles on the AV’s route. The method is structured within a
hierarchical framework that includes robust control, a learning-
based component, and a supervisory element. The learning-based
component is trained using reinforcement learning techniques to
reduce traveling time, minimize control interventions, and set the
priority ratio between the AV and pedestrians. The supervisory
element employs scenario optimization, using statistical data on
pedestrian motions to ensure collision avoidance. A complex
game-theory-based pedestrian model is formulated and analyzed
in order to evaluate the effectiveness of the proposed velocity
planning method. Extensive simulations are performed using the
high-precision traffic simulator software SUMO. These simula-
tions evaluate various aspects of the velocity planner, including
computation time, traveling time, control interventions, and
parameter settings. The results demonstrate the method’s ability
to achieve real-time implementation while maintaining safety and
performance objectives.

Index Terms— Autonomous vehicles, pedestrian modeling,
velocity planning, scenario approach, data-driven control.

I. INTRODUCTION AND MOTIVATION

ROADS worldwide present significant risks to vulnerable
groups, especially pedestrians who make up a consid-

erable share of traffic-related deaths [1]. The World Health
Organization (WHO) reports that road traffic accidents claim
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over 1.19 million lives each year, with pedestrians accounting
for 23% of these fatalities, highlighting the critical need for
enhanced safety measures at pedestrian crossings to reduce
accidents [2]. Autonomous vehicles (AVs) are seen as a
potential solution to improve safety. AVs need to accurately
predict the actions and intentions of nearby pedestrians in
order to autonomously navigate urban streets. Unsignalized
crosswalks in urban areas can increase the potential for
conflicts due to the lack of traffic signals that prioritize
either pedestrians or vehicles [3]. Pedestrians often make
spontaneous decisions influenced by changing environmental
and situational factors, which makes their behavior challenging
to predict with precision. On the other hand, AVs must make
real-time decisions based on these dynamic actions, requiring
strategies that can effectively anticipate and adapt to pedestrian
movements as they unfold. These conflict situations require
the analysis of interactions between pedestrians and AVs, and
the development of safe, energy-efficient control strategies for
AVs.

Recent studies have explored pedestrian-vehicle interac-
tions from several perspectives, including pedestrian and
environmental factors, participant communication, and pedes-
trian intention analysis [4]. Pedestrian motion models take
these factors into account to predict intentions, trajectories,
or occupancy maps, as detailed in their taxonomy [5]. Model
formulations vary depending on the scenario, such as the
pedestrian’s goal and the number of pedestrians, which also
influence their mathematical structure [6]. Pedestrian mod-
els for pedestrian-vehicle interactions can be classified into
expert-based, data-driven, and hybrid approaches, also known
as physics-based or learning-based methodologies [7]. These
methods are relevant for analyzing interactions at unsignalized
crosswalks and are briefly discussed below.

Data-driven models analyze pedestrian-vehicle interactions
using real-world data and circular polar occupancy grid
maps [8] to quantify the spatial interactions and intensity
based on relative positions and distances. Softmax and max
pooling layers are employed to calculate interaction weights,
enhancing the understanding of pedestrian-vehicle dynamics.
Graph Neural Networks (GNNs) through directed graphs
and Graph Convolutional Networks (GCNs) [9], [10], along
with image-based models employing ego-centric views [11],
advance the modeling of complex interactions, offering a
detailed exploration of pedestrian-vehicle dynamics and high-
lighting the importance of spatial, temporal, and visual data in
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pedestrian motion prediction. However, data-driven models are
often criticized for their “black-box” nature, making it difficult
to understand the reasoning behind their behavior predictions.
Additionally, these models heavily rely on data from specific
environments, which can introduce biases and reduce their
effectiveness in different settings. The need for large and
diverse datasets to ensure broad applicability is a significant
limitation. This is particularly challenging in environments
with widely varying interactions, such as unsignalized cross-
walks, where pedestrian behaviors and vehicle interactions can
differ greatly depending on factors like time of day, weather
conditions, and cultural norms [4].

On the other hand, expert-based approaches avoid the need
for extensive, location-specific data and reduce computational
demands, because they rely on clear, predefined rules to predict
pedestrian motion. These approaches offer clear explanations
for predictions, making them more reliable in environments
with high uncertainty. Vehicles’ impacts on pedestrian motion
are described through explicit formulations, such as the forces
outlined in the Social Force Model (SFM) [12]. These models
incorporate vehicle impacts using functions that decay over
distance [13] and vary with direction [14]. In SFMs, the AVs
are depicted as circles [15] or ellipses [16] to capture their
asymmetric impact on pedestrians, notably highlighting the
greater danger posed by the front zones of vehicles [17].
A multiagent model that incorporates the SFM for improved
simulations of shared spaces has been introduced in [18], while
methods for model calibration and validation, adapted for
diverse environments through the integration of social norms
have been outlined in [19]. A conflict model designed to
enhance safety by facilitating more effective conflict detec-
tion and collision prevention using property graphs has been
proposed in [20]. However, modeling AV-pedestrian interac-
tions at unsignalized crosswalks using SFM is challenging
because it focuses on physical forces rather than strategic
decision-making. This approach fails to capture how AVs and
pedestrians anticipate and respond to each other’s actions in
real-time. For example, pedestrians may decide to cross based
on their estimation of an AV’s velocity and distance, while AVs
must adjust their velocity or path based on the pedestrian’s
motions. This dynamic interplay of decisions is essential
for accurately modeling interactions but is not adequately
addressed by SFM’s force-based approach. This motivates the
use of a game theory (GT) framework, as it models these
interactions by showing how one agent’s decisions affect the
other using a payoff matrix.

The advantages of expert-based models support the use of a
GT-based pedestrian model in AV control strategies. While GT
models do not necessarily require data for parameterization,
optimizing their parameters based on real recorded data can
enhance their realism. This combined method has been proven
to be effective, as demonstrated in [21], resulting in accurate,
collision-free trajectory predictions. Real-world data have been
used in [22] to investigate and model the behavior of road users
in different shared space topologies, showcasing the models’
capability to capture authentic interactions. In [23] the focus
is on enhancing agent-based modeling for vehicle-pedestrian
interactions by integrating GT and decision models sourced

from [24], to simulate scenarios that prioritize pedestrian
safety and traffic flow. The research validates the model
against real-world variability in decision-making, laying a
foundation for its application in more complex, multi-agent
traffic scenarios. This work has been further developed in [25],
which reparameterizes the expectation submodel to include
variables, e.g., pedestrian distance to the crosswalk and vehi-
cle/pedestrian acceleration, enhancing the model predictive
performance as evidenced by experimental validation against
the recorded inD dataset [26]. However, previous GT-based
models oversimplify decision-making by assuming constant
velocities and limited adaptability, which reduces their realism.
Additionally, without optimization using real-world data, these
models may not account for the variability in pedestrian
crossing behavior, diminishing their accuracy and effectiveness
across diverse real-world scenarios. To address these limita-
tions, the GT-based pedestrian model in this paper is enhanced
through global parameter optimization based on recorded data,
and a refined motion submodel, allowing for more realistic,
variable accelerations and velocities.

The literature review shows that much effort has been
devoted to pedestrian motion analysis and prediction, along
with vehicle-pedestrian interaction formulation, and related
AV control design. This paper contributes to these works
with a novel AV velocity planning method, which is able to
simultaneously handle the motion of a pedestrian on unsignal-
ized crosswalk and the motions of surrounding vehicles on
the route of AV. The proposed method has low computa-
tional time in real-time implementation. This is achieved
through the proposed hierarchical structure that incorpo-
rates learning-based and model-based elements along with
a supervisor. The learning-based element is trained through
reinforcement learning (RL) to reduce traveling time, control
intervention, and set the ratio of priority between AV and
pedestrian motions under various traffic scenarios. The role
of the model-based element, together with the supervisor,
is to guarantee collision avoidance under all traffic scenarios.
The preliminary design method of the hierarchical planning
structure has been presented in [27]. This paper extends that
work with the following contributions: (i) a novel method
to handle both vehicle-pedestrian and vehicle-vehicle inter-
actions, evaluated by a new GT-based pedestrian model that
provides a realistic representation of interactions between a
single pedestrian and a single AV at unsignalized crosswalks,
(ii) an enhanced supervisor that accounts for the stochastic
nature of pedestrian motion using a scenario-based approach,
(iii) demonstrated computational efficiency of the hierarchical
framework, enabling real-time implementation on AV systems,
and (iv) utilization of scenario optimization to ensure collision
avoidance while optimizing travel time and minimizing control
interventions.

The organization of this paper is as follows. In Section II
the hierarchical velocity planning method is formulated, intro-
ducing its overall scheme and detailing the supervisor’s role
in the context of AV-pedestrian interaction. In Section III
the training of the learning-based component within the hier-
archical structure is discussed, and the training process is
evaluated. The effectiveness of the proposed planning method
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Fig. 1. Scheme of hierarchical velocity planning architecture.

using a complex pedestrian motion model within the SUMO
traffic simulator is also demonstrated. The complex GT-based
pedestrian model is formulated in Section IV, and the imple-
mentation and simulation results are presented in Section V.
Finally, the conclusions are summarized in Section VI.

II. FORMULATION OF THE HIERARCHICAL VELOCITY
PLANNING METHOD

This section presents an overview of the proposed hierar-
chical strategy and provides the formulation of the supervisor.
Figure 1 illustrates the planning architecture scheme, which
involves a learning-based element, a robust control element,
and a supervisor. During AV planning, all these elements
operate simultaneously, and each can use different measured
signals on the AV, such as yS(k), yL(k), and yR(k). The control
signal for the AV is the longitudinal acceleration a1(k). It is
composed of the outputs of the robust controller aR(k), and
the supervisor 1L(k), as follows:

a1(k) = aR(k) + 1L(k). (1)

The requirement for a1(k) is to guarantee the safe motion
of the AV, i.e., avoiding collisions with pedestrians and sur-
rounding vehicles and adhering to velocity limits. Moreover,
the velocity planning must improve non-safety performance
levels, such as limiting a1(k), reducing traveling time, and
handling priority between the AV and the pedestrian. These
requirements are achieved through the proposed hierarchical
structure, where safety requirements are guaranteed by the
robust control and the supervisor, and non-safety performance
levels are improved through the learning-based element.

In this hierarchical structure, the learning-based element
is designed through an RL-based training process that can
incorporate the nonlinear motion characteristics of the AV
and pedestrian motions. A variety of traffic scenarios can also
be included in the training process, making it an appropriate
method for improving performance levels. The output of the
learning-based element is aL(k), which is used as an input to
the supervisor. In this concept, the signal aL(k) is supervised
according to the safety requirements built into the supervisor.
This supervision is assisted by the signal aR(k), i.e., the
supervisor output 1L(k) is limited by the bound 1L(k) ∈

[1L ,min; 1L ,max ], see [27].
It is considered that safety performance through aR(k) +

1L(k) (see (1)) can always be guaranteed. Moreover, it is
possible to find 1L(k) with which the non-safety performance

Fig. 2. Illustration of AV-pedestrian-vehicle interaction.

level based on aL(k) can be improved. It leads to an optimiza-
tion problem within the supervisor with the objective:

min
1L (k)∈[1L ,min;1L ,max ]

(
a1(k) − aL(k)

)2

. (2)

Consequently, a1(k) is as close as possible to aL(k) through
the objective, and similarly, the selection of a1(k) is limited by
aR(k) through the bounds 1L ,min , and 1L ,max . The selection
is also constrained by further safety criteria, detailed in the
rest of this section.

A. Formulation of the supervisor using a scenario-based
approach

The interaction model of the AVs is based on a previously
published work [27]. This model is reformulated to the sce-
nario of AV-pedestrian interaction. The goal of the interaction
is to formulate the constraint on collision avoidance. This
formulation is included in the supervisor.

The interaction model is based on the assumption that the
routes of the AV and the pedestrian or surrounding vehicles
intersect, as illustrated in Figure 2. These intersections are
called conflict points, and the illustrated situation contains
3 conflict points. The distance of the AV and the pedestrian
from the conflict point is denoted by si (k), where index i
is related to the AV (s1, j ), and j represents the selected
conflict point. For pedestrians, the index i is denoted as
(i = ped), while for surrounding vehicles, the index ranges
from (i = 2 . . . ns), where ns − 1 represents the number of
surrounding vehicles. In this interaction model, si from the
conflict is measured, which means that s1, j = 0 represents the
position of the AV at the conflict point related to interaction j .
Consequently, s1, j < 0 means that the AV is approaching
the conflict point (e.g., crosswalk j = ped or intersection
( j = 3)), and s1, j > 0 means that the AV is moving away from
the conflict point. Similarly, if sped < 0, then the pedestrian
is approaching the conflict point, but if sped > 0, then the
pedestrian is moving away from it. The interaction model is
formed by the following kinematic relationships:

vi (k + 1) = vi (k) + T ai (k), (3a)

si (k + 1) = si (k) + T vi (k) +
T 2

2
ai (k), (3b)

where T is time step of the discrete motion model, and vi (k)

represents the longitudinal velocity. The control input of the
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Fig. 3. Geometrical illustration of pedestrian-AV collision avoidance con-
straints.

AV is its longitudinal acceleration, represented as a1(k) =

aR(k) + 1L(k).
The formulation of the collision avoidance constraint related

to the pedestrian is illustrated in Figure 3. The avoidance of
collision can be described by a quadratic expression:(

s1,ped(k + 1)

)2

+

(
sped(k + 1)

)2

≥ s2
sa f e, (4)

which ensures that the AV and the pedestrian cannot simulta-
neously be within a distance of ssa f e from the conflict point
at time step k + 1. As shown in [27], this quadratic constraint
can be reformulated as linear constraints, resulting in the
s1,ped(k) − sped(k) trajectory being realizable in two half-
planes. If the pair [s1,ped(l) = 0; sped(l) < 0], l > k is part of
the trajectory, then the AV crosses the conflict point first and
the pedestrian second. However, if [s1,ped(l) < 0; sped(l) =

0], l > k is part of the trajectory, then the pedestrian crosses
the conflict point first and the AV second.

The priority between the pedestrian and the AV is fixed
in the planning strategy, depending on the position of the
pedestrian. If the pedestrian is closer to the conflict point than a
predefined distance sd < 0, specifically when sd < sped(k) <

0, then priority is given to the pedestrian, as represented
by the half-space at the bottom (see Figure 3). However,
if the pedestrian is further from the edge (sped(k) ≤ sd)

or leaves the crosswalk (0 ≤ sped(k)), then the AV has
priority, which is represented by the half-space on the left. The
constraints in these cases are formed by the tangential lines
from [s1,ped(k); sped(k)] to the circle of the avoidable region.
Detailed formulation can be found in [27]. The constraint for
each case is formed as follows:

[
sT2,1(k)

sT2,ped(k)

]T [
−T v1(k) −

T 2

2 aK (k)

−T vped(k) −
T 2

2 aped(k)

]
≥

T 2

2

[
sT2,1(k)

0

]T

1L(k), if sd < sped(k) < 0,[
sT1,1(k)

sT1,ped(k)

]T [
−T v1(k) −

T 2

2 aK (k)

−T vped(k) −
T 2

2 aped(k)

]
≤

T 2

2

[
sT1,1(k)

0

]T

1L(k), otherwise.

(5)

The relationships in (5) require information on the motion
of the pedestrian, such as velocity vped(k) and acceleration
aped(k). Although vped(k) can be measured by a LiDAR
sensor, aped(k) cannot be directly measured, and it depends
on the pedestrian’s intention, whether they are accelerating or
decelerating. Therefore, aped(k) is derived from a prediction
of a pedestrian model. Since it is not possible to account for all
potential aped(k) values during prediction, a scenario approach
is applied to select N possible aped,z(k) scenarios, with z
ranging from 1 to N . This approach transforms the formulation
of (5) into N chance constraints in (6), as shown at the bottom
of the next page, which is denoted by the compact form in the
rest of the paper as:

P(1L(k), s1,ped(k), z) ≤ 0, ∀z = [1; N ]. (7)

The incorporation of chance constraints (7) in the opti-
mization problem (2) is carried out using the scenario-based
approach. It is used to select scenarios and thus, they can
be included in the optimization as chance constraints [28].
Its advantage is that scenario optimization can be effec-
tively applied to convex optimizations with infinite number of
constraints [29]. The relationship between stability and proba-
bilistic ingredients in the context of parameter-varying systems
in discrete-time is explored by [30]. Scenario optimization can
also be formed for solving predictive control problems that are
close to the optimization within the supervisor [31].

The scenario approach is applied to minimize the cost in (2)
as follows. A random selection of N number of aped,z acceler-
ation values is used for formulating the constraints in (7). The
random selection of aped,z is based on the probability density
function of pedestrian acceleration, see [28]. The selection
of 1L(k) is constrained by further conditions resulting from
the motion of surrounding vehicles [27]. The constrained
optimization problem is formulated as:

min
1L (k)∈[1L ,min;1L ,max ]

1L(k)2
+ 2 f T 1L(k) (8a)

subject to P(1L(k), s1,ped(k), z) ≤ 0,

∀z = [1; N ], (8b)
F(1L(k), i) ≤ 0, ∀i = [2; ns], (8c)[

−1
1

]
1L(k) ≤

[
v1(k)

T + aK (k)
vmax −v1(k)

T − aK (k)

]
(8d)[

−1
1

]
1L(k) ≤

[
aK (k) − amin
amax − aK (k)

]
, (8e)

where (8c) forms constraint for avoiding collision to
ns − 1 number of vehicles in the surrounding. Analysis for
selecting ns can be found in [27]. Eq. (8d) expresses the
constraint on avoiding backward motion of the AV, and (8e)
is the constraint on control input limits amin , and amax .

The selection of the number of chance constraints N in
scenario optimization is highly important because it impacts
the size of the optimization problem and the confidence of
the solution regarding constraint violation. Two parameters are
defined for selecting N : confidence ν ∈ (0; 1), and violation
ϵ ∈ (0; 1). These parameters evaluate the relationship between
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the chance-constrained solution (1L(k)) of (8) with N < ∞,
and the theoretical solution with N → ∞. If the relationship

N ≥
2
ϵ

(
ln

1
ν

+ 1
)

(9)

is satisfied, then 1L(k) satisfies all possible constraints
with probability no smaller than 1 − ν, with at most an
ϵ-fraction [28]. Consequently, the trade-off between N and
the confidence in 1L(k) can be managed through (9). For
example, with increased ν and ϵ parameter selection, the
computed 1L(k) can lead to reduced confidence regarding
constraint violation of all possible scenarios. However, the
resulting size of the scenario optimization problem is reduced,
facilitating the numerical solution of (8).

III. DESIGN OF THE LEARNING-BASED ELEMENT FOR
IMPROVING VEHICLE MOTION PERFORMANCE

In this section, the training of the learning-based element
for the planning system is presented. The goal of the element
is to provide aL(k) to improve the performance level of the
controlled vehicle. In this study, the learning-based element
is trained using the model-free, online, and off-policy deep
deterministic policy gradient (DDPG) reinforcement learning
method [32].

The training process involves the entire planning structure
(supervisor, robust control) and the environment and thus, the
dynamic interaction during training can be evaluated [27]. The
dynamic interaction is performed between the vehicle and the
pedestrian. The modeling of pedestrian motion is based on
the work of [33], which provides a simplified formulation
for pedestrian motion and decision-making. The simplified
model provides the benefit of reduced training time, which is
important for accelerating the training process in the DDPG
framework.

During the learning process, safe vehicle motion is guar-
anteed by the supervisor, along with the simultaneous
enhancement of the performance level. The r(k) reward for
the learning process is formed as follows:

r(k) = Q1v1(k) − Q2|aL(k)| − Q3|a1(k) − aL(k)|

+ Q4vped(k), (10)

where Q1, Q2, Q3, Q4 are scalar weights for tuning the per-
formance level of the controlled system. The role of Q1 > 0 is

to improve the velocity of the AV, while Q4 impacts the
improvement of pedestrian velocity. These impacts can oppose
each other because increased AV velocity can reduce the
pedestrian’s willingness to cross, i.e., vped(k) is reduced. The
role of Q2 > 0 is to reduce control intervention. Weight
Q3 impacts the learning process, because if a(k) is closer
to aL(k), the RL-based element imitates the supervisor’s
operation.

The RL training process is carried out through simulation-
based episodes. The goal of the training is to maximize
the cumulative reward (10), which is achieved through the
evaluation of simulation results in each episode. In the DDPG
framework, training is performed in an actor-critic structure.
During training, an optimal policy is calculated to maximize
the long-term cumulative reward, where finding an optimal
policy is equivalent to learning the Bellman equation. The
actor and critic approximators use observations to achieve this
goal. The actor approximator aims to find the action aL(k) that
maximizes the long-term reward, while the critic approximator
estimates the expected value of this long-term reward.

A. Simulation-based analysis and comparison

In the rest of this section, a comparison of the proposed
planning system to a stochastic model predictive (SMPC)
solution [33] is presented. The goal of the comparison is to
show that a similar performance level can be achieved with
the proposed hierarchical planning. Moreover, it is shown that
the training process can impact the ratio between AV prior to
pedestrian and pedestrian prior to AV outcomes.

The environment for training purposes is illustrated in
Figure 4. In this case the AV and the pedestrian approach
the crosswalk simultaneously. The velocity of the AV is
controlled by the proposed structure, and the goal of this
environment is to train the learning-based element through
the maximization of (10). The environment incorporates the
supervisor algorithm (8) to ensure that the resulting element
adapts to the operation of the supervisor. Moreover, using the
supervisor, collisions between the pedestrian and the AV are
avoided throughout the entire training process. In all cases the
initial conditions of the pedestrian and the AV are the same
as presented in [33]. In all scenarios, the pedestrian starts
approaching the crossing from a distance of sped(0) = 4m,



[
sT2,1(k)

sT2,ped(k)

]T [
−T v1(k) −

T 2

2 aK (k)

−T vped(k) −
T 2

2 aped,z(k)

]
≥

T 2

2

[
sT2,1(k)

0

]T

1L(k), if sd < sped(k) < 0,

[
sT1,1(k)

sT1,ped(k)

]T [
−T v1(k) −

T 2

2 aK (k)

−T vped(k) −
T 2

2 aped,z(k)

]
≤

T 2

2

[
sT1,1(k)

0

]T

1L(k), otherwise,

∀z = [1; N ], (6)
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Fig. 4. Training environment setup for AV-pedestrian interaction.

TABLE I
EVALUATION OF THE PROPOSED PLANNING SYSTEM

WITH DIFFERENT SETTINGS

while the initial position and velocity of the AV are varied. The
comparison of the proposed method with different Q4 settings
to the SMPC is shown in Table I. In the case of SMPC, there
are 38 scenarios out of 100 where the AV crosses before the
pedestrian. For the proposed strategy, the parameter Q4 signif-
icantly impacts this ratio; as Q4 increases, the ratio decreases.
The decreased ratio indicates that the AV’s motion is more
considerate, but it also results in a longer average traveling
time. The other weights in (10) remain constant during the
training process, with Q1 = Q2 = Q3 = 1. Analyses on the
impact of these weights on the operation of the AV can be
found in [27] and [34]. Table I shows that selecting Q4 =

−0.3 provides an optimal balance between various objectives,
achieving both low acceleration and reasonable traveling time.
Furthermore, the mean negative accelerations are computed for
a specific section of AV-pedestrian interaction when the pedes-
trian has priority and crosses the crosswalk. This scenario,
defined as Action 3 of the control strategy in [33], serves as
an appropriate basis for comparison.

Figure 5 illustrates the reward function during the training
process with the setting Q4 = −0.3. Each episode is random-
ized with respect to the initial position and velocity of the AV.
It is shown that the reward converges to 400 while its deviation
continuously decreases.

Finally, two simulation examples illustrating the impact of
Q4 on the velocity and control signals are shown in Figure 6.
These simulations correspond to the planner settings Q4 =

−200 and Q4 = 0.7. Figure 6a and Figure 6b pertain to the
Q4 = −200 setting, highlighting the ratio of scenarios where
the AV has priority. These velocity profiles are depicted in
green in Figure 6. The results for the Q4 = 0.7 setting are
presented in Figure 6c and Figure 6d, demonstrating that the
pedestrian has priority in almost all cases. Although the AV
experiences increased deceleration compared to the previous
case, it does not stop in any of the scenarios. As a result, the
traveling time is not significantly increased.

Fig. 5. Convergence of the reward function during the training process.

Fig. 6. Impact of Q4 settings on velocity and control signals [33].

It can be concluded that the planning strategy’s character
can be effectively influenced by adjusting the reward function.
The proposed training process is effective in the context of
pedestrian-AV interaction, and the results achieved are close
to those obtained with the SMPC method.

IV. COMPLEX GAME THEORY-BASED PEDESTRIAN
MODEL FOR EVALUATION PURPOSES

The remainder of the paper focuses on applying the pro-
posed hierarchical velocity planning strategy to an advanced
pedestrian motion model, which is introduced and analyzed in
this section. Given that the interaction between vehicles and
pedestrians at unsignalized crosswalks is fundamentally seen
as a strategic competition for limited time and space, GT is
identified as an appropriate modeling method for modeling
pedestrian behavior [23], [24]. This approach reduces the need
for extensive, location-specific data, minimizes computational
demands due to fewer model parameters, and is able to
effectively capture pedestrian decision-making processes [24].
Therefore, the previously developed GT-based pedestrian
model [25] is expanded through both global optimization
of its parameters using a genetic algorithm framework and
structural changes to the pedestrian motion submodel, allowing
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Fig. 7. Aerial view of unsignalized crossing [26] (a) and data processing
methodology (b).

for more realistic pedestrian accelerations. The global opti-
mization statistically captures the mean pedestrian behavior
from real-world data and generates a 3D Pareto frontier, with
each axis representing a distinctive objective function: the first
aligns simulated position time profiles with recorded ones,
and the second and third minimize the Kullback–Leibler (KL)
divergence for velocity and acceleration probability density
functions, respectively, ensuring the simulated distributions
closely match the recorded ones. Furthermore, unlike simpli-
fied model, the GT-based pedestrian model allows for velocity
changes and decision-making throughout the entire interaction,
capturing strategic behavior and dynamic adaptation of pedes-
trians.

A. Analysis of Recorded Dataset

The publicly available inD dataset [26] consists of around
9 hours of drone footage capturing interactions at four intersec-
tions in Germany. For this analysis, a specific intersection with
an unsignalized crossing is chosen, as shown in Figure 7a. This
dataset records various signals for different agents, including
position (in Universal Transverse Mercator (UTM) coordi-
nates), velocity, acceleration (in both longitudinal and lateral
directions), heading angle, and the classification of road users
(e.g., pedestrian, vehicle, cyclist).

TABLE II
SUMMARY OF EXTRACTED ONE-TO-ONE INTERACTIONS AND

THEIR OUTCOMES FOR IND DATASET

Preprocessing of this data is required to accurately model
pedestrian behavior during vehicle interactions, as outlined
in Figure 7b. Initially, the data is transformed from UTM
to GPS coordinates. Active interactions are then isolated by
removing instances of parked vehicles (identified as those
with zero velocity throughout the interaction and positioned
beyond the interacting vehicle’s path), and focusing solely on
those involving a single pedestrian and a single vehicle, while
excluding any interactions where additional agents, such as
other pedestrians, bicyclists, or vehicles, are present. These
interactions are identified when pedestrians begin crossing
within 10 meters of the crosswalk, capturing critical driver-
pedestrian decisions [35], while also encompassing pedestrian
behavior phases necessary for precise modeling [36]. The
analysis also notes any additional agents involved in these
interactions. The distances of pedestrians and vehicles from the
crosswalk are calculated using the GPS coordinates, focusing
on encounters between a single pedestrian and a single vehicle
to streamline the modeling effort and exclude the impact
of extra agents on crossing decisions. The relative distance,
transitioning from 2D spatial to 1D metric analysis, is calcu-
lated based on recorded GPS points for both pedestrian and
vehicle. First, for each individual interaction, the agents’ GPS
positions at the crosswalk edge are determined. Then, using the
Haversine formula [37], the distance is calculated backwards
in time by accumulating the incremental distances between
consecutive GPS points. Furthermore, to avoid the influence
of vehicle type, the vehicle distance relative to the crosswalk
edge is calculated with respect to its front point, determined
from the recorded center GPS point and vehicle length. The
resulting interactions are summarized in Table II, indicating
whether pedestrians cross before or after vehicles, showcasing
nearly equal instances of both scenarios. The distribution of
pedestrian and vehicle velocities for isolated interactions is
shown in Figure 8, illustrating the diversity and heterogeneity
of recorded motions.

B. Optimization of Pedestrian Model

The GT-based pedestrian model is comprised of four sub-
models: perception, expectation, decision, and motion. The
perception submodel is designed to simulate how pedestrians
perceive their surroundings, including their own position and
velocity as well as those of approaching vehicles. In reality,
these observations are often marred by errors, leading to
common misjudgments where the actual velocity and distance
of vehicles might be inaccurately assessed by pedestrians.
To replicate these inaccuracies, random errors are introduced
into the genuine values of vehicle velocity (vveh) and distance
relative to the beginning of the crosswalk (sveh). The degree
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Fig. 8. Recorded vehicle and pedestrian interaction velocity probability
density functions (PDF).

to which these real values are modified is determined by a
perturbation parameter ε. Herein, the observations of vehicle
velocity (vveh,est ) and distance dveh,est from the perspective
of pedestrian are obtained from the Gaussian distributions:
vveh,est ∼ N (vveh, (ε · vveh)2) and sveh,est ∼ N (sveh, (ε ·

sveh)2).
Information is received from the perception model by

the pedestrian’s expectation submodel, through which the
probabilities of the vehicle’s next actions, either crossing or
yielding, are calculated. A binary logistic regression model is
utilized due to its effectiveness in handling binary outcomes,
incorporating several explanatory variables. These include the
pedestrian’s distance (sped ), velocity (vped ), and acceleration
(aped ); the estimated distance (sveh,est ) and velocity (vveh,est )
of the vehicle; the vehicle’s acceleration (aveh); and a binary
variable indicating the vehicle’s lane position (Lveh), with
Lveh = 1 signifying a lane further from the pedestrian and
0 indicating a closer lane. The calculation of probabilities is
based on a linear combination of these variables, together with
an intercept term (β0) [25]:

U = β0 + β1sped + β2vped + β3aped + β4sveh,est

+ β5vveh,est + β6aveh + β7Lveh . (11)

This combination is then input into the sigmoid function to
yield a probability value (p) within the range of [0, 1]:

P(y = 1|U ) = pveh,c =
eU

(1 + eU )
. (12)

Here, βi are the model parameters, with pveh,c representing
the probability of a crossing decision (y = 1). The probability
of a yielding decision is subsequently derived as pveh,y =

1 − pveh,c, ensuring all outcomes are accounted for.
To further introduce uncertainty into the model, each param-

eter βi ) is modified by adding random noise. This adjustment
involves a random value κ drawn from a uniform distribution
within the [0,1] interval and a perturbation parameter ε,
affecting βi as follows:

βi = βi (1 + (1 − 2κ)ε). (13)

This addition of noise aims to reflect real-world uncertainty in
decision-making processes, making the model more robust by
accounting for variations in pedestrian and vehicle behavior.

In the decision submodel, the prospect values for a pedes-
trian’s actions, specifically crossing (Vped,cross) and yielding
(Vped,yield ), are calculated using cumulative prospect theory.
These values are derived from the probabilities provided by
the expectation submodel:

Vped,cross = w−(pveh,c)v(b11) + w+(pveh,y)v(b22), (14)

Vped,yield = w−(pveh,c)v(b12)

+
(
w−(pveh,c + pveh,y) − w−(pveh,c)

)
v(b22).

(15)

Here, w− and w+ are the cumulative probability weight-
ing functions that adjust the perceived probability of losses
and gains, v is the value function, and b11, b12 and b22
represent the payoff values for different agent decision combi-
nations [23]. The weighting and value functions used in (14)
and (15) are defined as:

w+(p) =
pγ

(pγ + (1 − p)γ )
1
γ

, w−(p) =
pδ

(pδ + (1 − p)δ)
1
δ

(16)

v(x) =

{
xα, x ≥ 0
−λ(−x)β , x < 0

(17)

where α, β, γ , δ, and λ are parameters for the weighting
and value functions. By relying on cumulative prospect theory
and optimizing parameters to fit real-world data, bounded
rationality is inherently accounted for in the model [38]. The
final decision between pedestrian crossing or yielding decision
is made by comparing two calculated values: Vped,cross and
Vped,yield . The pedestrian decides to cross if Vped,cross >

Vped,yield ; otherwise, they opt to yield. Additionally, it is
adjusted that the calculated prospect values, Vped,cross and
Vped,yield, are further modified by a perturbation parameter
ε, introducing uncertainty into the decision-making process.
This adjustment is made by multiplying each prospect value
by (1 + (1 − 2κ)ε).

Based on the calculated prospect values, the pedestrian’s
dynamics in the current time step k are determined by the
motion submodel. The pedestrian will yield if Vped,yield ≥

Vped,cross , resulting in a deceleration given by:

aped(k) =
−vped(k)2

2|sped(k)|
. (18)

Conversely, if Vped,yield < Vped,cross , the pedestrian decides
to cross, and acceleration is determined by several factors: the
estimated vehicle arrival time at the crosswalk to anticipate
conflicts, the pedestrian’s current velocity and position for nec-
essary adjustments, and predefined velocity and acceleration
limits for realism. By incorporating these elements, the model
considers a wide range of possible pedestrian accelerations to
simulate realistic behavior:

aped(k) = min

(
max

(
vtar (k) − vped(k)

sveh(k)
vveh(k)

· µ
, 0

)
, aped,max

)
,

(19)

where vped(k) is the pedestrian velocity, sveh(k) is the vehicle
position relative to the crosswalk edge, vveh(k) is the vehicle
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Fig. 9. Pedestrian crossing behavior model.

velocity, µ is a motion model parameter for time adjustment,
and aped,max is the maximum pedestrian acceleration. The
target pedestrian velocity vtar (k) is calculated at the k-th time
step as follows:

vtar (k) = max
(

vped,min, min
(

2
(
|sped(k)| + CWheight

)
sveh(k)·µ
vveh(k)

+ ω

− vped(k), vped,max

))
(20)

where CWheight is the height of the crosswalk (here equal
to 5.5 meters), vped,min and vped,max are the minimum and
maximum pedestrian velocities, respectively, and ω is a small
positive constant added for numerical stability.

Finally, the pedestrian state is updated using the following
state equations:

sped(k + 1) = sped(k) + vped(k)1T + aped(k)1T 2/2, (21)
vped(k + 1) = vped(k) + aped(k)1T, (22)

The optimization of the expectation, decision, and motion
submodel parameters is conducted to replicate realistic pedes-
trian crossing behaviors using pedestrian-vehicle data from
the inD dataset. The parameters optimized include eight for
the expectation submodel (β0 to β7), nine for the decision
submodel (b11, b12, b21, b22, α, β, γ , δ, and λ), and five for the
motion submodel (time reserve factor upon crossing decision
µ, minimum velocity threshold vped,min , maximum pedes-
trian velocity vped,max , and limits on maximum acceleration
aped,max and deceleration aped,min), where the perturbation
parameter ε is set to zero.

In this process, three objective functions are minimized. The
first function aligns the simulated pedestrian positions with the
recorded data:

J1 =

M∑
i=1

1
P

P∑
k=1

(ssim,i,k − srec,i,k)
2, (23)

where M is the count of vehicle-pedestrian interactions in
the training set, P is the number of discrete time steps for
each interaction, ssim,i,k represents the simulated pedestrian
position, and srec,i,k is the corresponding recorded position at
each time step k within interaction i .

Fig. 10. Schematic of pedestrian model optimization framework realized in
modeFRONTIER software.

The second and third functions aim to minimize the KL
divergence for velocity and acceleration probability density
functions, ensuring the simulated distributions closely match
the recorded data:

J2 = DK L(P DFV E L ,rec, P DFV E L ,sim), (24)
J3 = DK L(P DFACC,rec, P DFACC,sim). (25)

Here, DK L represents the KL Divergence Measure [39],
P DFV E L ,rec and P DFV E L ,sim are the recorded and sim-
ulated probability density functions of pedestrian velocities,
respectively, while P DFACC,rec and P DFACC,sim are the
recorded and simulated probability density functions of pedes-
trian accelerations.

The optimization framework is implemented within the
modeFRONTIER 2018R2 software and is interfaced with
Python version 3.7, as illustrated in Figure 10. Simulations
are conducted in the Python environment, where objective
functions are assessed. Parameter adjustments are performed
by the modeFRONTIER software, which utilizes the pilOPT
optimization algorithm in response to the simulation out-
comes. The Sobol Design of Experiments (DOE) method with
300 designs is employed. Results from the 23,017 Genetic
Algorithm iterations are displayed as a 3D Pareto frontier,
with each axis representing an objective function, and the
acceleration KL divergence is denoted by a color scale. The
final parameter selection is based on the identification of
the minimal position Root Mean Square Error (RMSE) on
the Pareto frontier, ensuring the model alignment with the
position data is optimized (see (23)). In Figure 11, the model
results are presented by comparing simulated and recorded
interactions. The pedestrian RMSE between recorded and
simulated trajectories is shown in Figure 11a, where each
value represents the RMSE calculated for all interaction points
of a single interaction. The mean value is equal to 0.16 m,
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Fig. 11. Comparison of simulated and recorded datasets: pedestrian position
root mean squared error (RMSE) (a), velocity distributions (b), acceleration
distributions (c), distributions of change of mind events (CoMs) (d), and
distances from crosswalk at which CoMs occurred (e).

indicating a good match between recorded and simulated
trajectories. Furthermore, the distributions of recorded and
simulated velocities are shown in Figure 11b for all interaction
points. The means are 1.41 m/s for recorded and 1.44 m/s
for simulated, with standard deviations of 0.35 m/s and
0.31 m/s, respectively, showing similar distributions. Although
the simulated pedestrian acceleration distribution has a higher
peak around 0 m/s2 compared to the recorded distribution as
illustrated in Figure 11c, most of the simulated acceleration
values closely align with the recorded values, demonstrating
the similarity between the distributions. To gain insights into a
pedestrian decision-making process, a change of mind (CoM),
defined as a time instant when switching from one decision to
another, i.e., from yield to cross and vice versa, is analyzed.
In recorded data, underlying pedestrian decisions governing
pedestrian motion are not directly available and thus should
be reconstructed from recorded motion data. It is done here
by detecting shifts where a pedestrian, at any point in the
interaction, noticeably accelerates (above 0.1 m/s2) and at
any later time decelerates (below -0.1 m/s2), or vice versa,
indicating a shift in movement intent and a change in decision.
On the other hand, in simulations, pedestrian decisions are
readily available in each time step as an output of the decision
model (14) and (15). The processed results show that a mean
time between two CoMs in recorded data is 0.89 s with

TABLE III
PEDESTRIAN MODEL TRAINING AND VALIDATION RESULTS

a standard deviation of 1.18 s, while simulations exhibit a
slightly lower mean of 0.80 s (-10%) and a standard deviation
of 0.89 s (-25%), which may still be considered very close
to recorded ones (see Figure 11d). Furthermore, to determine
when a clear crossing decision is made, the distances of all
CoM events from the start of the crosswalk are analyzed.
As shown in Figure 11e, the distribution of these distances
reveals that 95% of CoM events occur at least 1.20 m from the
crosswalk edge, indicating that pedestrians in both recorded
and simulated scenarios generally commit to a decision before
reaching the area near the crossing point. This demonstrates
the model accuracy in capturing pedestrian decision dynamics
with minimal strategy changes.

The pedestrian model is validated using the same dataset
of recorded pedestrian-vehicle interactions used for training
and optimization due to the limited number of interactions.
To ensure unbiased evaluation and generalization, data aug-
mentation is applied by taking 72 different initial starting
times for each interaction in the simulation. Therefore, only
the pedestrian features at the initial simulation time step k = 0
(position sped,0, velocity vped,0, and acceleration aped,0) are
taken from the recorded data, while their subsequent motions
(k > 0) are simulated (see Figure 9). In contrast, all vehicle
features are recorded throughout the simulation to enable
comparison between recorded and simulated outcomes. The
results, shown in Table III, indicate that the validation dataset
has a similar position RMSE per interaction J1/M (see (23))
to the training set. Noticeably, lower J2 (KL divergence
of velocity distributions, see (24)) and J3 (KL divergence
of acceleration distributions, see (25)) values for validation
indices are observed, likely due to the much larger number of
data samples used for reconstructing distributions/histograms.
Importantly, there are no faulty outcomes (the outcome of
pedestrian crossing prior or after the vehicle is the same
in simulation as in recorded interactions). Despite similar
performance across various training and testing scenarios,
it should be noted that the model still may underperform in
extreme situations that deviate significantly from typical ones
which may be mitigated by employing a larger dataset for
model development.

To demonstrate the uncertainty in pedestrian behavior, the
perturbation parameter in the optimized pedestrian model is
set to non-zero values, specifically to show its impact. Ten
different pedestrian-vehicle scenarios are established, each fea-
turing distinct pedestrian and vehicle attributes and occurring
near a crosswalk where pedestrian behavior tends to vary the
most (refer to Figure 12). These scenarios capture a single
discrete time step k. For each scenario, 10,000 simulations
are run to ascertain the pedestrian acceleration state aped,k ,
with perturbation parameters ε assigned values of 0.25 and
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Fig. 12. Pedestrian acceleration distributions in near-crosswalk scenarios
under different perturbation parameter ε.

Fig. 13. Communication between Matlab and SUMO using TraCI protocol.

0.75. According to Figure 12, larger perturbation parameters,
indicative of greater model uncertainty, can lead to an increase
in the number of peaks in the acceleration state distribution.
For instance, in scenario 2, a Gaussian distribution emerges
when ε = 0.25, but a bimodal distribution occurs at ε = 0.75,
representing a pedestrian’s decision to either accelerate or
maintain velocity. Similarly, in scenario 6, the distribution
transitions from bimodal at ε = 0.25 to multi-modal at
ε = 0.75, spreading the probability across decelerating,
accelerating, or maintaining velocity.

V. SIMULATION RESULTS WITH THE GT-BASED
PEDESTRIAN MODEL

The effectiveness of the proposed velocity planning struc-
ture is demonstrated through simulations using the GT-based
pedestrian motion model in the SUMO traffic simulator [40].
This section presents the implementation details and provides
two simulation examples showcasing the system’s operation.

A. Implementation of the Planning in SUMO Simulator

The SUMO simulator is interconnected with Matlab to influ-
ence AV velocity and pedestrian position. The communication
between Simulink and SUMO is implemented using the TraCI
protocol [41]. The communication architecture is illustrated in
Figure 13. The blue rectangles illustrate the data sent through
the TraCI protocol. The Simulink model reads the AV position,
velocity, and orientation values from SUMO to calculate the
pedestrian’s position and orientation. The constraints (6) are
based on the distances s1,ped(k) and sped(k) between the AV,
pedestrian, and the conflict point on the crosswalk, which
are used to compute the control input a1(k) of the AV. This
computation step is performed in Matlab.

The GT-based pedestrian model is developed in Python,
which communicates with Matlab to achieve low computation
time during simulations. The time to solve the equations

Fig. 14. Communication flow between Matlab and Python for integrating
SUMO simulator.

of motion for the GT-based pedestrian model in one com-
putational step is 0.001s. In this case, the AV position
and velocity received from SUMO are forwarded to Python
through the TCP/IP protocol. The pedestrian model calculates
the pedestrian’s position and velocity based on this informa-
tion, as shown in Figure 14.

B. Simulation Results on AV-Pedestrian Interaction

The implementation within the SUMO environment is uti-
lized for evaluation purposes, specifically in the scenario
illustrated in Figure 4. For evaluation purposes, 100 simula-
tions have been conducted with random initial positions and
velocities for the GT-based pedestrian model. In each scenario,
the vehicle starts with an initial velocity of 0 m/s. The value of
ssa f e in these simulations is set to 2 m. The simulations have
three objectives: assessing the impact of N on AV motion,
examining the computational time of the hierarchical velocity
planning, and illustrating the results in the time domain. The
pedestrian motion scenarios for the scenario optimization are
generated using the GT-based pedestrian model with the inD
dataset.

The impact of N on the simulation results is summarized
in Table IV. In the simulations, the scenario-based velocity
planning is set with ϵ = 0.05, see (9). As the number
of constraints increases, the confidence value ν also rises,
as shown in the first and fourth columns of Table IV. It is also
evident that the actual confidence value during the simulations
exceeds the selected ν, as indicated in the fifth column of
Table IV. For instance, with N = 1000 samples, 95% (1 − ϵ)

of the constraints (6) are met with a 99.35% probability,
surpassing the expected 99.2%. Although the actual confidence
value is less than 100%, no collisions between the pedestrian
and the AV occurred. Another conclusion of the analysis is that
varying N has a low impact on the priority between the AV
and the pedestrian, with values ranging between 30 and 41.
This range is slightly higher than the results obtained with
the simplified pedestrian model (see Table I). Additionally,
the mean negative acceleration values are nearly identical and
remain low.

The analysis of the impact of constraint number shows
that high confidence can be achieved with high N . However,
increasing the number of constraints also enlarges the size of
the optimization problem (8). Therefore, the implementation
of the algorithm requires an analysis of the computation time,
ensuring that the computation time of the planning algorithm
is less than the simulation step time of 0.05s. During each
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TABLE IV
ANALYSIS ON THE IMPACT OF CONSTRAINT NUMBER

Fig. 15. Analysis of computational time.

simulation, the computational time has been measured in
Matlab. At the end of the simulation, this data has been
post-processed to calculate the average computational time.
The results are shown in Figure 15. The trend indicates that
as N increases, the average computational time also increases
(see Figure 15a). Figure 15b shows the maximum computa-
tional time, indicating that the impact of N on time is also
limited. Around the 220th simulation step, the computational
time increases significantly. This is because the pedestrian and
the AV are closer to each other, making it more challenging
to find a solution to (8). After this point, either the AV or the
pedestrian leaves the crosswalk, simplifying the calculation
because there is no pedestrian nearby. Figure 15c shows the
distribution of computational time values for N = 1000.
In most cases, the computational time is between 0.01s and
0.02s, but there are rare outliers where the time increases up
to 0.055s. Although this is higher than the simulation step
time, real-time computation can be achieved in the majority
of simulations.

The proposed analyses show that N = 1000 is able to
provide high confidence and acceptable computational time.
Therefore, the results of this scenario are illustrated in the
time domain as shown in Figure 16. Figure 16a demonstrates
that the velocity profiles of the AV differ significantly in
the 39 scenarios where the AV has priority compared to the
other scenarios. This high ratio may positively impact traffic

Fig. 16. Simulations results of AV and pedestrian interactions using the
GT-based pedestrian model.

Fig. 17. Illustration of traffic scenario involving AV, pedestrian, and another
vehicle at roundabout.

flow, and the pedestrian’s motion is not significantly disturbed
(see Figure 16b). The need for high deceleration can also
be avoided using the proposed velocity planning structure,
as illustrated in its distribution in Figure 16c.

C. Simulation Results on a Complex Scenario

Finally, the effectiveness of the proposed velocity planning
strategy is demonstrated through simulation examples involv-
ing another vehicle. In these examples ns = 4 is selected. The
goal of the simulations is to show that the AV can adapt to
more complex situations, such as interacting with pedestrians
and surrounding vehicles. A screenshot of the scenario is
shown in Figure 17, where the AV moves to a roundabout after
leaving the crosswalk. Entering the roundabout is determined
by the motion of another vehicle. It is assumed that the
position and velocity of the other vehicle are available for
handling the interaction [27].

The results of two simulations related to the scenario are
presented, distinguished by the priority between the AV and
the pedestrian. Figure 18a shows the velocity profiles for both
cases. In each scenario, the vehicle starts from a standing
position and accelerates. In the second case, the acceleration
transitions to deceleration when the pedestrian is recognized.
However, in the first case, the AV maintains its priority and
continues to accelerate. The recognition of another vehicle
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Fig. 18. Simulation results of complex scenario involving AV, pedestrian,
and another vehicle.

in the roundabout occurs at different times, specifically at 7s
and 22s. In both cases, the AV is required to decelerate slightly
to avoid a collision with the other vehicle. In Figure 18b,
the minimum distance between the AV and the pedestrian or
the other vehicle is shown. It is observed that the minimum
values are achieved when the AV or the pedestrian surpasses
the crosswalk and when the other vehicle moves in front of
the AV. Figure 18b confirms that collisions are avoided in
all cases. Finally, the computational times for the hierarchical
strategy are illustrated in Figure 18c. The results show that the
computation time is significantly less than the 0.05s simulation
step time, indicating that the velocity planning computations
can be performed in real-time.

VI. CONCLUSION

The presented simulations illustrate the effectiveness of the
proposed velocity planning method for AVs, i.e., the method
is able to guarantee collision avoidance and optimize perfor-
mance metrics such as traveling time and control intervention.
It has been shown that the interactions between the AV and
the pedestrians, the surrounding vehicles can be effectively
influenced by the tuning parameter selection in the scenario
optimization and in the reward of RL. The analysis of the
computational time for the provided velocity planning has
shown that it is possible to implement the algorithm in real-
time. Moreover, the formulated complex GT-based pedestrian
model can be effectively used for evaluating the proposed
velocity planning strategy through simulations in the SUMO
traffic simulator. It is shown that the proposed parameter
selection method results in simulated pedestrian motion that
is close to the real pedestrian motion recorded by the dataset.

One of the future challenges of the proposed method is
to extend the hierarchical strategy to consider more than
one pedestrian. This extension could cover more configura-
tions, such as multiple individual pedestrians moving along
the vehicle’s route or multiple pedestrians moving on the

same crosswalk. Due to the variety of configurations, the
learning-based element and the scenario optimization will
need to be reformulated to accommodate the actual situation.
Furthermore, the effectiveness of the method has provided
an appropriate starting point for its implementation on a real
test vehicle. However, disturbances in the measured signals,
such as the position and velocity of the pedestrian, must be
considered. This may require an extension of the scenario
optimization to achieve robustness against disturbances.
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