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Abstract

This paper addresses modeling and simulating pedestrian trajectories when interacting
with an autonomous vehicle in a shared space. Most pedestrian–vehicle interaction models
are not suitable for predicting individual trajectories. Data-driven models yield accurate
predictions but lack generalizability to new scenarios, usually do not run in real time and
produce results that are poorly explainable. Current expert models do not deal with the
diversity of possible pedestrian interactions with the vehicle in a shared space and lack
microscopic validation. We propose an expert pedestrian model that combines the social
force model and a new decision model for anticipating pedestrian–vehicle interactions. The
proposed model integrates different observed pedestrian behaviors, as well as the behaviors
of the social groups of pedestrians, in diverse interaction scenarios with a car. We calibrate
the model by fitting the parameters values on a training set. We validate the model and
evaluate its predictive potential through qualitative and quantitative comparisons with
ground truth trajectories. The proposed model reproduces observed behaviors that have
not been replicated by the social force model and outperforms the social force model at
predicting pedestrian behavior around the vehicle on the used dataset. The model generates
explainable and real-time trajectory predictions. Additional evaluation on a new dataset
shows that the model generalizes well to new scenarios and can be applied to an autonomous
vehicle embedded prediction.

1. Introduction

Modeling and simulating the movement of pedestrians around an autonomous vehicle (AV)
is of major concern for AV navigation and pedestrian safety in urban environments. Classical
approaches are interested in predicting whether a pedestrian will cross the road in front
of the AV or not. Predicting pedestrian movement is more complex in a shared space
because pedestrians are free to move around in a wider area than just being constrained to
a pavement. Shared spaces are a relatively new urban design where the segregation between
pedestrians and vehicles is minimized by removing curbs, road surface markings, traffic
signs, and traffic lights. Shared spaces, which include pedestrian areas, parking lots, as well
as streets, crossroads and squares, have been shown to reduce car speed and the number of
accidents (Kaparias et al., 2013; Monderman et al., 2006). The concept of shared space is
increasingly being applied by urban planners (National Association of City Transportation
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Officials (NACTO), 2019; WSP Parsons Brinckerhoff & Farrells, 2016). In cities, AVs will
therefore have to navigate these spaces and interact with crowds of pedestrians.

To navigate in crowded spaces, the AV navigation system must be able to anticipate
pedestrian reactions. To this end, a key step is the development of models for accurate, real-
time and explainable prediction of pedestrian trajectories in various interaction scenarios.

To simulate interactions between pedestrians and vehicles in shared spaces, several mi-
croscopic approaches with behaviors defined at the individual level, have been developed:
expert models and data-driven models. Expert models, like the Social Force Model (SFM)
by Helbing and Molnár (1995), are based on rules developed by human modelers and have
been widely used to model movement in shared spaces. However, existing expert models
are either designed for public policy evaluation, such as anticipating the implementation of
a shared space, or for generating optimal crowd navigation trajectories. These models are
therefore not designed to accurately reproduce or predict individual trajectories. Trajecto-
ries are sometimes validated by macroscopic measurements, but lack microscopic validation
and the models ignore the social dimension of human behavior, such as the presence of
social groups or respecting social norms. Moreover, when these models represent a shared
space scenario, pedestrians often cross laterally to the vehicle, whereas in real shared spaces
interactions can be much more varied. Providing more accurate results than expert models,
data-driven models are increasingly used for prediction. However, these models require a lot
of data to learn robust representations, and data involving pedestrian–vehicle interactions
in a shared space are rare. Based on a very limited number of scenarios, these models are
not scalable to new situations. Finally, to be used in AV navigation, the AV’s predictions
must be real-time and explainable. However, data-driven models are generally slower and
difficult to explain.

A pedestrian motion model, which integrates the behaviors observed in various cases of
interaction with a car in shared spaces, including group behaviors, and which is accurate
and fast enough to be used in predicting each pedestrian’s trajectory, is currently missing.
To address this gap, this work provides the following contributions:

• We propose an expert model of pedestrian reactions to an AV in a shared space.
The model consists of the SFM for distant interactions and a new decision model for
conflicting interactions. The model includes various observed pedestrian behaviors,
as well as social group behaviors.

• We calibrate the proposed model and evaluate its predictive ability by qualitative and
quantitative comparisons of the simulated trajectories with ground truth trajectories.
Several pedestrians–vehicle interaction scenarios are considered. The results are com-
pared with the SFM and show that the proposed model better reproduces observed
pedestrian behaviors. The analysis of results indicates that the model generates real-
time and explainable trajectory predictions.

• We evaluate the applicability and generalizability of the proposed model on a new
dataset, consisting of data recorded by car sensors among pedestrians. The results
show that the model generalizes well to new real-world scenarios and that it could be
used by an AV to predict the trajectories of surrounding pedestrians.
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The main contribution of this work (i.e., the decision model) was previously published
as a conference paper authored by the same researchers (Prédhumeau et al., 2021). In this
extended article, a more in-depth state of the art is added. The proposed model is presented
in a more complete way than before by including more details, as well as new illustrations
and algorithms in the appendices. The model is calibrated in a more formal way and the
calibration process is detailed. Moreover, the qualitative and quantitative evaluation on
two datasets in the original paper is performed in this extended paper on the model after
its formal calibration. An evaluation of the generalizability and applicability of the model
using a new dataset is added. Finally, the paper was completed with a discussion on what
was learned and on research directions for future work.

The paper is structured as follows. Section 2 presents the pedestrian behaviors observed
when interacting with a vehicle in a shared space. Some pedestrian–vehicle interaction mod-
els are then presented, together with their limitations. In Section 3, we propose a new model
for pedestrian reactions. This section first explains the general approach and core model
concepts, then details the decision model. Sections 4 and 5 describe the implementation,
the calibration of the model’s parameters, and the experimental setup for evaluating the
model’s validity. Section 6 presents the model evaluation against ground truth trajectories,
using several datasets. Finally, Section 7 concludes the paper and discusses future work.

2. Related Work

Based on the literature, this section presents the different pedestrian behaviors observed
when interacting with a vehicle in a shared space. The section then reviews pedestrian–
vehicle interaction models across two categories: expert models and data-driven models.

2.1 Pedestrian–Vehicle Interaction Observations

Pedestrians–AV interactions are relatively new and there are still very few observations
of pedestrian reactions to an AV in the real world. The majority of studies that include
pedestrian reactions to an AV use a Wizard of Oz experiment (Currano et al., 2018; Fuest
et al., 2018; Habibovic et al., 2018; Palmeiro et al., 2018; Rothenbucher et al., 2016) or
Virtual Reality (Chang et al., 2017; Deb et al., 2018), and look at the AV’s intention
communication and not at pedestrian trajectories. Moreover, these studies are based on
initial experiences with an AV and not on pedestrian reactions over a long period of time.

In several previous studies, researchers have conducted experiments with a vehicle that
appears to be autonomous in interaction with pedestrians, like Clamann et al. (2017),
Palmeiro et al. (2018), and Rothenbucher et al. (2016). These three studies have all
reported that pedestrians behaved with the AV as they would have done with a conventional
vehicle. We can therefore reasonably assume that pedestrians’ behavior with an AV will
be very similar to their behavior with a conventional vehicle. Due to the limited data on
pedestrian behavior with AVs, we also observed pedestrian behavior when encountering a
conventional car in shared spaces.

Madigan et al. (2019) are among the only ones that have reported on the natural (i.e.
in uncontrolled experiments) behaviors of pedestrians when they shared their space with an
autonomous vehicle. They analyzed 22 hours of video, recorded in La Rochelle (France) and
Trikala (Greece) during demonstrations of the CityMobil2 autonomous shuttle. We used
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