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Fig. 1: A real-world scenario and three modeling approaches. (a) In a 4-lane unidirectional road, the vehicle drives at 20 mph,
shown at four interesting time steps (1-4). The pedestrian walks in a wavering fashion and suddenly crosses in front of the
vehicle (dots at the same time steps). (b) Existing simulation models have low expressiveness and limited spatial and temporal
variance, yielding simple behaviors. (c) Goal-based planners and Social-Force-based methods do not allow controllability
and reproducibility of events. (d) Our modeling approach captures the original behavior and allows adaptability.

Abstract—This work proposes a new representation of pedes-
trian crossing scenarios and a hybrid modeling approach,
RePed, that facilitates transferring microscopic behavior models
from behavior research to higher-level trajectories. With this,
real-world trajectory-based scenarios can be augmented with a
diverse set of human crossing maneuvers, producing a wealth
of new scenarios and addressing the scarcity of rare case
data that existing works struggle to deal with. Leveraging the
controllability of this modeling approach, perturbation-based
augmentation can be applied to enrich scenarios further. In
addition, the representation is rooted in the Ego vehicle’s coor-
dinate system with a logical representation of roads. This design
enables scenario retargeting to various road structures, traffic
conditions, and ego vehicle behaviors. Thus, it strongly supports
scenario-based testing by forcing pedestrians to produce certain
situations in simulation even when the Ego Vehicle tries to evade
them.

Index Terms—Pedestrian Behavior Modeling, Jaywalker
Modeling, Scenario-based Testing of Autonomous Vehicles,
Pedestrian Simulation, Pedestrian Scenario Modeling, Midblock
Crossing
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I. INTRODUCTION

Pedestrians do the darndest things. Consider the jaywalk-
ing pedestrian in the leftmost panel of Figure 1, from the
Pedestrian Situated Intent (PSI) 2.0 dataset [1]. In this
scenario, a vehicle is cruising along the second lane in
a four-lane one-way road. The pedestrian is in the lane
immediately to its right. The scenario starts at step I with
the pedestrian approximately 15 meters away and walking
towards the vehicle’s lane, showing crossing intent by step
2. However, they change their decision and start to move
away, leading the driver to think they will not cross the road.
The cautious human driver slows down a tiny bit, anticipating
the potential for a dangerous situation (step 3). Suddenly, the
pedestrian changes direction, approaches the vehicle’s lane,
and starts crossing (step 4) within a fraction of a second.
Luckily, the pedestrian safely crosses the road without getting
hit or making the vehicle stop.

Though this kind of pedestrian scenario is rare, it does hap-
pen, and most human drivers have had to handle unexpected
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pedestrian behavior. Hence, autonomous vehicles must also
safely handle these rare pedestrian scenarios. Now, imagine
an ego vehicle is driving instead of the human one. Different
ways of handling this situation can lead to varying outcomes.
In the first variation, at step 3, the ego vehicle might speed
up, assuming the pedestrian will not cross, leading to a
dangerous situation at step 4. In the second variation, the
ego vehicle moves much faster to pass the pedestrian before
they begin crossing, avoiding any collision. In the third, the
ego vehicle moves to the empty left-most lane, where the
pedestrian might never challenge them. As we can see, due
to possible variations in the ego vehicle’s driving strategy, it is
hard to ensure that they experience the near-miss event at step
4 like the human driver. From this, we identify two different
problems in achieving the goal of testing the scenario against
the ego vehicle at the target situations in steps 3 and 4: (a)
reproducing the scenario and (b) adapting the scenario.

Existing literature addresses these two problems separately,
resulting in either suboptimal performance in reproduction or
limited adaptation capability. Figure 1.b illustrates a machine
learning-based approach that takes past trajectories of all
the actors around the pedestrian and generates the future
trajectory of the pedestrian. However, these methods cannot
express dramatic long-term spatial and temporal variance due
to the scarcity of rare scenario training data. In addition,
it is hard to control the behavior of such models, making
reproducibility harder to achieve. Figure 1.c shows potential
solutions to both problems involving Goal-based planners
and Social-Force-Based behaviors, which can produce a
simplified version of the pedestrian trajectories towards the
destination point. However, they overlook the exciting events
in between. An alternative approach involves creating a tra-
jectory follower model that compels pedestrians to replicate
the exact trajectory from a rare scenario. Nevertheless, this
approach precludes the adaptability of the pedestrian against
any change in the scenario, such as vehicle speed, vehicle
lane, lane width, and the presence of other traffic participants.

We introduce a pedestrian scenario retargeting method,
RePed, that can represent rare pedestrian scenarios and sys-
tematically adapt them to various test situations. This adap-
tation includes adjustments for varying vehicle speed, lane
changes, and differences in lane count and width (depicted
in Figure 1.d). Our approach overcomes the expressivity lim-
itations of current methods via a hybrid modeling approach
that can utilize the best parts of the existing approaches. It
allows reproducibility, adaptability, and controllability of the
pedestrian behavior model.

The adaptability of our model ensures that ego vehicles
are challenged by the target situations even when the ego
vehicle’s trajectory changes and the scenario tries to drift
away during testing. The adaptability is achieved through a
set of retargeting methods, which has a broader application
to other types of traffic participants. The controllability of
our model yields more advantages in addition to ensuring
reproducibility and further variability using perturbation tech-
niques. Search-based methods in scenario-based testing can
use our proposed control parameters to create a search space

to cover the possible range of variety, such as the minimum
and maximum speed range of the vehicle under test.

We review relevant literature in Section II and outline
our methods in Section III. The simulation results of our
behavior retargeting methods are presented in Section IV,
while Section V explores the limitations and outlines future
research prospects.

II. RELATED WORK

Testing of autonomous driving in simulation involves
creating a set of agents such as vehicles, pedestrians, and
bicycles that mimic the real-world behavior of human road
users. The testing process aims to identify critical scenarios
(see [2]) where the ego vehicle behaves unexpectedly. On
one end, testing methods replay real-world scenarios where
the behavior of all the traffic participants is pre-determined
except for the vehicle under test (the ego vehicle) [3]-
[5]. However, it’s often desirable to create variations of a
scenario to stress-test the ego vehicle or adapt the behavior
of other actors to the changing behavior of the ego vehicle
[6]. On the opposite end, some methods have actors show
completely random behavior by sampling from a set of
predefined actions, and testing methods search for critical
scenarios over a huge search space [7], [8], which can lead
to unrealistic scenarios [9]. Realistic behaviors exhibit struc-
tured inter-dependencies, significantly reducing the search
space. The exploration of this trade-off between extremes
is an active area of research in scenario generation methods
(see comprehensive surveys in [9]-[13]).

With realistic behavior models of traffic participants in-
cluding pedestrians, scenario-generation methods get more
freedom in creating random valid situations. Unfortunately,
extensive exploration of pedestrian behavior is hindered
by the complexity of human behavior and the scarcity of
recorded data on rare events. Refer to [14] for a comprehen-
sive literature review of pedestrian behavior modeling for AV
testing. On another note, crowd behavior literature does not
address individual-level diversity and richness and does not
aim to capture rare behavior in road crossings, [15]-[18].

This work is closely related to individual-level pedestrian
crossing modeling, a crucial source of test scenarios for AV
testing, [19]. The modeling problems during road-crossing
can be categorized into three areas: (a) physical constraints,
(b) maneuvers, and (c) crossing trajectory. Physical con-
straints define the boundaries of pedestrian movement such
as speed, direction change, and reaction time. Maneuvers
include speeding up, avoiding collision, retreating, and hand-
signaling. Crossing trajectories involve movement plans using
physical constraints and maneuvers. Some methods are good
at modeling physical constraints [20]-[24], some at maneu-
vers [25]-[32], and some at producing long-term trajectories,
[33]-[44].

Physical constraint-based models require high-level tra-
jectory and maneuver planners to be used as simulation
models. Manuever-based models require high-level trajectory
planners. Methods adept at modeling maneuvers are often
employed in generating long-term trajectories, but they tend
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to produce less diverse trajectories due to tight coupling
with interaction modeling. For instance, in the Social-Force-
based approach, [25], high-level trajectory is generated by
an attractive destination force. However, it is easy to model
physical constraints and maneuvers with a limited amount
of data and transfer the behavior enabling existing work
outputs directly reusable. This motivates us to improve their
trajectory generation process.

Various trajectory generation methods exist. Supervised
learning and sequence modeling can create long trajecto-
ries but aren’t suitable for road crossing scenarios, [45].
Another approach focuses on pedestrian pose trajectories
using Generative Al, [34]. However, these machine learning-
based methods struggle to model rare trajectories, transfer
behaviors across settings, and are challenging to control for
scenario search. Reinforcement learning-based methods such
as [43], [46]-[48] learn specific outcomes defined by reward
functions, limiting diversity and rare scenarios. Non-machine
learning-based methods use path search in free areas, [33].

Recognizing the limitations of existing methods, we pro-
pose a hybrid approach that blends high-level pedestrian
trajectories with low-level microscopic maneuvers. This ap-
proach has the potential to inject variability and diversity
at both levels. By enabling the transfer of behavior across
different scenarios, adapting to the ego vehicle’s actions, and
exposing control parameters, our proposed method empowers
scenario generation techniques to craft novel yet realistic
scenarios with a greater degree of flexibility.

I1I. METHODOLOGY

Our approach represents pedestrian trajectories using two
main techniques. At a coarse level, the path of a pedestrian
is modeled as a navigation path (NavPath) moving from
one navigation point (NavPoint) to another in order. Fine-
grained behavior is determined by a Behavior Primitive,
which controls the pedestrian position from second to second.
The process of creating a test scenario from a pedestrian
behavior video involves (a) determining a set of NavPoints
consistent with the observed pedestrian locations and (b)
determining one or more Behavior Primitives that match
observed pedestrian behaviors. We describe the representa-
tion of the Navigation Path, Behavior Primitives, the role of
the Behavior Matcher in augmenting the Navigation Path,
retargeting during the test, and how scenarios are adapted in

simulation.

A. Navigation Path (NavPath)

A NavPath, comprised of NavPoints, is a sparse pedes-
trian trajectory in the ego vehicle’s coordinate system. Each
pedestrian in a scenario is described as a NavPath. Key
NavPath characteristics include:

« Represents only coarse directional movement, abstract-

ing away micro-level behavioral variation.

« Tied to the vehicle coordinate system, so, if the vehicle

reference frame moves, it also moves.

o Can be somewhat imprecise, allowing for flexibility in

scenario crafting.

The Navpath’s goal is to record behavior changes (which
occur at NavPoints) and travel direction in pedestrian move-
ment. These elements challenge ego vehicle prediction mod-
els. This representation plays the central role in representing
diversity in pedestrian paths and behavior, whether manually
crafted or automatically derived from real-world data or
trained models.

Crossing .
Direction Ped_estrla_n — NavPath
Configuration
Average
Speed
Minimum NavPoints
Speed
Maximum
Speed ‘ NavPoint #1 ‘ ‘ NavPoint #2 ‘ ’ NavPoint #n ‘
Behavior Location
Speed Behavior L 1d Lane Distance to
P tags ane Section Ego

Fig. 2: Structure of the Navigation Path

Figure 2 illustrates the structure of a NavPath. A NavPath
contains a set of NavPoints, each with associated behavioral
and location properties. The NavPath itself also contains
properties for pedestrian information, such as crossing direc-
tion (left-to-right or right-to-left) relative to the ego vehicle’s
travel axis (see Figure 3).

A NavPoint defines a pedestrian’s state concerning the
vehicle at a specific time. Key properties are Laneld (0 for
ego lane, negative/positive for left/right lanes), Lane Section
(LEFT (L), MIDDLE (M), RIGHT (R)), Distance to Ego (on
ego vehicle’s axis), and Original Speed. For details, refer to
Appendix 5.

NavPoint properties achieve three goals: (1) retargeting
for diverse road structures and ego vehicle locations, (2)
translating behaviorally significant locations based on ego
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Fig. 3: In this three-driving-lane road, NavPoint P has Lane
Id: -1, Lane Section: R (right), and distance: d.
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vehicle behavior, and (3) allowing fuzzing techniques while
retaining the link to the ego vehicle’s behavior.

B. Behavior Primitives (Behavior Tags)

Behavior primitives represent unique microscopic pedes-
trian behaviors (maneuvers) that happen sequentially on a
trajectory. Each primitive has microscopic spatial and tem-
poral variation based on pedestrian age, background, mental
state, weather, road structure, and other traffic participants.
This work proposes a few fundamental behavior primitives,
emphasizing the unpredictability observed in the PSI 2.0
dataset, [1]:

« Evasive Stop: A complete halt within a roadway while

crossing (see Figure 5).

o Evasive Flinch: Resembling Evasive Stop, this ma-
neuver includes a brief backward movement, occurring
involuntarily and rapidly creating two situations (see
Figure 4).

« Evasive Retreat: The pedestrian voluntarily steps back
to safety from an approaching vehicle, a process that
can take seconds (see Figure 4).

o Evasive Speedup: The pedestrian increases speed to
avoid the approaching vehicle. (see Figure 5)

« Evasive Slowdown: The pedestrian reduces speed to let
the vehicle pass, often leading to near-collision scenarios
(see Figure 5).

Each behavior primitive is defined based on existing liter-

ature (see Section II) and is characterized by its own set of
controllable parameters.

Flinch 1 Flinch 2 Retreat
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v
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Fig. 4: Flinch maneuver can place the pedestrian out of the
way or in front of the ego vehicle. Retreat follows a longer
path with voluntary movement. P, C, and N are previous,
current, and next pedestrian locations respectively.

Stop: Speedup: Slowdown:
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Fig. 5: Evasive stop happens when the pedestrian speed is
nearly 0. Speedup or Slowdown is characterized by acceler-
ation/deceleration to avoid accidents.

C. Behavior Matcher

the video. It augments the sparse trajectory defined by a Nav-
Path with possible maneuvers. We have developed constraint-
based pattern-matching methods for each behavior primitive,
where each NavPoint is evaluated against all the matcher
methods. Detailed current set of constraints available at the
link in Appendix 4.

Given the current NavPoint N_,.., previous NavPoint
Nprev, next NavPoint Nycpe, a future NavPoint Nyyiyre,
distance between X, Y on ego travel axis dLon(X,Y) in
meters and on the lateral axis dLat(X,Y’) in lane sections,
lateral side of Y with respect to X side(X,Y’), the summary
of the constraints for each primitive is set forth below :

« Evasive Stop: speed(/V.,,-)<Evastive Stop Threshold
(defaults to 0.1 m/s).

o Evasive Flinch: N,,., and N, are on the same side
of N.yrr and

— dLat(Npext, Newrr)<Lateral Threshold (defaults
to one lane section width)

- dLon(Npreq,, Ego)<Longitudinal Threshold (de-
faults to 0.5 meters).

o Evasive Retreat: There exists a Npyture such that
dLat(Neyrr, Nfyture) > Lateral Threshold (defaults to
two-lane section width) and :

— Nprev and Nyygyre are on the same side of Neyyr.
— dLon(N fyture, Nprev) < Longitudinal Threshold
(defaults to 0.5 meters).
o Evasive Speedup: There Nyyiyure in front of the ego
such that speed(Nyyture) < speed(Neyrr) and
- side(Ego, Neyrr) <> side(Ego, N future)
- Angle between direction(Neyrr, Nputure) and
direction(N pirst, Nigst) < 90°
— There is no NavPoint between Ny and Nyypyre
o Evasive Slowdown: There exists Nfysure such that
speed(Nfyture) <speed(Neyrr) and
- side(Ego, Neyrr) == side(Ego, N fyiure)
- Angle between direction(Neyrr, Nfuture) and
direction(N first, Niast) < 90°

D. Retargeting

Our current retargeting methods accommodate some key
changes in ego behavior and road structure:

o Lane Count: We can retarget a m-lane scenario to a
n-lane one using relative NavPaths.

o Lane Width: NavPoints handle lane width variations
seamlessly (due fo logical lane sections).

o Ego Lane Change: During simulation, ego vehicle lane
changes are accommodated by re-planning.

o Ego Speed Change: Pedestrian speed is adjusted to
meet the relative distanceToEgo constraint during ego
vehicle speed changes.

E. Simulation Process

See Figure 6 for an overview of the scenario realization

The Behavior Matcher matches a portion of the NavPath  process in simulation. The pedestrian is reactive and adaptive.

with a Behavior Primitive representing observed behaviors in

Steps in Simulation:
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Fig. 6: The test simulator takes two sets of inputs: Pedestrian
navigation paths with behavior tags and vehicle agent, loca-
tion, and road maps. Before the testing begins, the Behavior
Matcher (III-C) tags the navigation points with Behavior
Primitive Types (III-B). During a simulation loop, models for
different primitives are activated or deactivated based on the
proximity to specific NavPoints and NavPoints are translated
based on ego-vehicles location, and road structure.

1) The Behavior Matcher (BM) consumes a NavPath and
tags each NavPoint with Behavior Primitives (BP).

2) The tagged NavPath, Road, Ego vehicle, and its spawn
location are given to the simulator as the inputs.

3) An initial trajectory plan for pedestrians is made based
on road structure and ego vehicle’s position and lane,
with lateral perturbations in NavPoint locations.

4) As pedestrians approach NavPoints, activated BPs
guide their movement, estimating time to the next
destination while preserving spatial constraints with
respect to the ego. Previous NavPoints are discarded.

5) If the ego changes lanes, then the pedestrian’s frajec-
tory is re-planned based on the remaining NavPoints.

The implementation architecture is available in Appendix
1, and the process and mathematical models of NavPoint
realization are available in Appendix 5.

IV. EVALUATION

The validity of retargeting is explored by (a) examining the
range of generated pedestrian velocities to ensure they are
within plausible ranges, and (b) examining the distribution
of pedestrian speeds vs. ego vehicle speeds. We explore
scenarios that were generated via the translation of PSI 2.0
Video #0015 into a NavPath with the stopping behavior
modeled using Evasive Stop. The video shows a pedestrian
coming to a stop in the middle of the road, allowing a
vehicle (avg. speed 19 km/hr) to pass. To explore different
scenarios, we retargeted this video to two different road
configurations: a 2-lane road and a 4-lane road where the
ego vehicle changes lanes. In both cases, the pedestrian
starts crossing from the left sidewalk, and the ego vehicle

N
N

ped speed
ped speed

il

01234567829
espisode

0

o

0123456172829
espisode

(a) 2-lane road (b) 4-lane road + lane change

Fig. 7: Pedestrian speed (in ms~!) distribution of first ten
episodes (trajectories) in each retargeting settings.

starts in the right lane closest to the center of the road. In
the four-lane configuration, the ego vehicle makes a lane
change to the right-most lane, thereby moving away from
the pedestrian. Each configuration was run in simulation for
100 episodes, with ego vehicle speed varying in each run,
uniformly sampled in the range of [10, 30] km/h. NavPoint
locations are also laterally perturbed by adding a noise
value to their location. We skipped the detailed evaluation of
variability and diversity of maneuver models as retargeting
is our main contribution.

A. Pedestrian Speed Distribution

Figure 7 shows pedestrian speed data (sampled 25 times
a second) for the first 10 (of 100) simulation runs for each
road configuration. The median pedestrian speed is moderate
and speed distribution resembles real-world after retargeting,
(see [49]). However, several runs in the 2-lane road have
moments exceeding 2 m/s, and the 4-lane road has moments
exceeding 2.5 m/s, which is a running speed. The fast speeds
in the 4-lane scenario are due to the pedestrian needing to
quickly catch up to the ego vehicle which has switched lanes
away from the pedestrian.

B. Retargeting against Ego Speed

Figure 8a shows a series of joint distributions of vehicle
speed vs. pedestrian speed. Pedestrian successfully adapts
to vehicle speed changes. As pedestrian speed increases, the
distance required to stop increases, and the pedestrian starts
stop maneuver earlier, figure 8b. The y-axis variation is due
to lateral perturbation in NavPoint location in lane sections
and destination force model by Helbing, [25]. Figure 8c
shows the stop duration. The variation happens due to the
vehicle’s speed trajectory, which impacts the Evasive Stop’s
duration. Figure 8d shows the variation in distance between
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the pedestrian and the vehicle when the pedestrian makes
a stop. The variation along the y-axis occurs due to the
pedestrian agent’s time-gap estimation, which exemplifies the
variability introduced by maneuver models.

15 _ —
0 Q
2 E1s
21.0 -t
G B g1o0
[T} o (%]
a 0 o
0.5 T 205
3 by
0.0 0.0

timeline (sec)

(a) 2-lane road with speed change only.
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Fig. 9: Distribution of pedestrian speed (left), speed trajec-
tories (middle), speed and frame at the moment of Evasive
Stop activation (right).

C. Retargeting against Roads and Ego Lane Change

Figure 9 shows, for both 2-lane and 4-lane configurations,
the distribution of pedestrian speeds, the variation of pedes-
trian speed over time, and the pedestrian speed at the moment
the pedestrian decided to begin stopping for Evasive Stop.
The stopping statistics in figure 9b show that the pedestrian
model successfully adapts when the vehicle makes a lane
change. Due to the lane change, the Evasive Stop tends to
activate later (most stop activation times are greater than 300
frames). To accommodate the lane change, we can see an
increase in pedestrian speed in general as they have to travel
further. As this re-planning is done while the simulation is
in progress, the pedestrian sometimes runs to catch up, (see
Figure 7). The pedestrian failed to catch up in 1 episode.

D. Scenario Expressiveness

In the current implementation of the simulator, we have
successfully represented all scenarios within the PSI 2.0
dataset with single pedestrians on straight and curved roads.
However, since this dataset has midblock crossings only,
additional work is required to represent intersection scenarios
because inside intersections the notion of lanes changes.

V. LIMITATIONS AND FUTURE WORK

This study focused on Behavior Primitives and the Be-
havior Matcher using PSI 2.0 data. Future research could en-
hance scenario expressiveness by utilizing alternative datasets
such as the Waymo Open Dataset [50], NuScenes [51], or
behaviorally rich YouTube Dashcam Videos such as [52].
Future expressiveness tasks:

o Expanding Behavior Primitives with new ones such
as dropping and picking up items while crossing and
gestures perceivable by drivers [31], [32].

o Implementing vehicle collision avoidance models for
near-collision situations. However, the vehicle repulsive
force model such as [28] performs poorly in out-of-
distribution situations. We suggest a set of models based
on reachability sets, [33], or rules, [53].

Another direction would be automatic NavPath extraction
from dense trajectories or videos. Interestingly, NavPath
works smoothly even when the trajectories are broken, which
is common in trajectory extraction from videos (see [54]).
Future work should explore it more.

Lastly, future work should explore retargeting methods
for road structures not addressed in this work such as
intersections, where nearly fifty percent of accidents happen
[55]. incorporating various traffic participants, occlusions,
and obstacles by extending the NavPath representation.

VI. CONCLUSIONS

In conclusion, this paper introduces a novel hybrid mod-
eling approach for addressing the challenges in pedestrian
behavior modeling and scenario-based testing against pedes-
trians for autonomous vehicles. It offers a unique contribution
to the field by combining the strengths of existing pedestrian
behavior modeling approaches to achieve scenario reproduc-
tion, adaptability, and controllability.

Our approach excels in reproducing real-world pedes-
trian crossing scenarios, ensuring the rigorous testing of
autonomous systems against rare and complex events. Fur-
thermore, its adaptability allows for modifying pedestrian
behavior in response to changing scenarios, making it a
valuable tool for testing under diverse conditions. The con-
trollable nature of our model provides the added benefit
of introducing variability through perturbation techniques,
enabling a wide range of test scenarios. Future research
can explore its application to various traffic participants
and further refine its implementation, offering a promising
avenue for continued advancements in autonomous vehicle
development and testing.

APPENDIX

1) https://github.com/adhocmaster/carla-jaywalker-
experiments/blob/main/docs/adaptive-soft-model.md -
Model Architecture

2) https://github.com/adhocmaster/carla-jaywalker-
experiments - Python Implementation for CARLA

3) https://github.com/adhocmaster/carla-jaywalker-
experiments/tree/main/data/navpath - NavPath Dataset

4) https://github.com/adhocmaster/carla-jaywalker-
experiments/blob/main/docs/adaptive-soft-model-
behavior.md - Behavior Primitives & Matcher

5) https://github.com/adhocmaster/carla-jaywalker-
experiments/blob/main/docs/adaptive-soft-model-
navpath.md - NavPath & Navpoint
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