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Abstract— Planning an autonomous vehicle’s (AV) path in a
space shared with pedestrians requires reasoning about pedes-
trians’ future trajectories. A practical pedestrian trajectory
prediction algorithm for the use of AVs needs to consider
the effect of the vehicle’s interactions with the pedestrians
on pedestrians’ future motion behaviours. In this regard, this
paper systematically reviews different methods proposed in
the literature for modelling pedestrian trajectory prediction
in presence of vehicles that can be applied for unstructured
environments. This paper also investigates specific considerations
for pedestrian-vehicle interaction (compared with pedestrian-
pedestrian interaction) and reviews how different variables
such as prediction uncertainties and behavioural differences are
accounted for in the previously proposed prediction models.
PRISMA guidelines were followed. Articles that did not consider
vehicle and pedestrian interactions or actual trajectories, and
articles that only focused on road crossing were excluded.
A total of 1260 unique peer-reviewed articles from ACM Digital
Library, IEEE Xplore, and Scopus databases were identified
in the search. 64 articles were included in the final review
as they met the inclusion and exclusion criteria. An overview
of datasets containing trajectory data of both pedestrians and
vehicles used by the reviewed papers has been provided. Research
gaps and directions for future work, such as having more effective
definition of interacting agents in deep learning methods and the
need for gathering more datasets of mixed traffic in unstructured
environments are discussed.

Index Terms— Pedestrian trajectory prediction, motion mod-
elling, pedestrian-vehicle interaction, unstructured environment,
shared space, systematic review, survey.

I. INTRODUCTION

WITH the growing number of research on autonomous
vehicles (AV) [1], we will eventually have these

vehicles operating close to pedestrians in crowded more
unstructured environments in the future. Therefore, there is a
need for understanding how these AVs are going to deal with
crowds of pedestrians beyond the framework forced by the
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traffic laws on the roads and in everyday encounters governed
more by social etiquette.

Modelling pedestrians’ motion behaviours for predicting
their future trajectory is a crucial skill for autonomous vehicles
that want to navigate in an environment shared with pedestri-
ans. Pedestrians’ future motions are affected by many factors,
such as the surrounding agents (e.g., pedestrians and vehicles)
known as interaction effects. Therefore, safe operation of an
autonomous vehicle relies on modelling the impact of the vehi-
cle’s presence and actions on pedestrians’ future trajectories.

Many pedestrian trajectory prediction models have been
proposed that include only pedestrian-pedestrian interaction
without considering any vehicle in their model. These models
can hardly be used for autonomous vehicle (AV) algorithms as
they do not capture the effect of the vehicle’s motion on the
pedestrian’s decisions and motions. Among the papers that
include the pedestrian-vehicle interaction in the pedestrian’s
motion model, a great focus has been put on pedestrian
road crossing behaviour [2], [3] that takes into account the
strict structure of the conventional roads while less paper can
be found studying pedestrian-vehicle interaction in off-road,
unstructured environments.

However, modelling interaction effects (between vehicles
and pedestrians) becomes more complicated in environments
with no pre-specified paths (e.g., lanes, crosswalks) or strict
traffic rules, known as unstructured environments. These
unstructured environments are defined qualitatively as spaces
where no clear lane marks or road dividers exist and no strict
traffic rules are followed by the traffic agents [4], [5]. Quan-
titative measures for distinguishing unstructured environments
from structured spaces based on motion features are proposed
in [6] and it was shown that pedestrian motion behaviours are
different in a structured versus unstructured environment [6].
While currently, the main focus of many researchers and indus-
tries is on designing autonomous vehicles (AV) that operate in
the structure of the roads, low-speed AVs will eventually enter
into more unstructured environments for which they need to
handle more diverse interaction scenarios with the pedestrians
that are sharing the same space. Examples of this application
domain can be future low-speed autonomous vehicles that
will be used as a mobility aid for transporting passengers
around in off-road outdoor (e.g., parks, campus environ-
ments) and indoor environments (e.g., shopping malls, airport
terminals).
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Therefore, the focus of this review paper will be on pedes-
trian trajectory prediction literature with the two key factors
of 1) modelling pedestrian-vehicle interaction and 2) studying
these interactions and trajectories in models that can be applied
to unstructured environments.

Pedestrian motion modelling is the process of finding the
formulation for the pedestrian’s transition from one state to
the next state over time. This transition gets influenced by
the pedestrian’s previous states and the presence of nearby
agents. The later effect is usually captured, to some extent,
as the interaction effect part of the proposed motion models.
Therefore, in this review, when referring to motion models we
mean a model that also embeds interaction effects. These mod-
els can then be used for generating pedestrians’ trajectories
over time in a simulation or predicting the pedestrians’ next
state given a history of their trajectory and information from
their surrounding neighbours. Having said that, the process of
finding a motion model that can describe all the influential
factors on a pedestrian’s state transition is almost the same as
discovering a trajectory prediction model. Therefore, in this
paper both trajectory prediction models and motion models in
the literature are studied and we will refer to them as motion
prediction modelling approaches in general.

There already exists a couple of survey papers on pedestrian
trajectory prediction. Models for both pedestrian and vehicle
trajectory prediction are reviewed in [7] and [8] while showing
the similarities between the motion models used for vehicles
and pedestrians [7]. But the authors have not discussed the
differences between the various agent classes and their inter-
actions caused by their different dynamic nature which is one
of the focuses of our work. Kolekar et al. [8] pointed out
the importance of using the traffic rules and road geometry
as input for a promising behaviour prediction model since
they were focused on road scenarios, whereas our work is
focused on reviewing the existing models that can be applied
to unstructured environments (i.e., those without assumptions
on traffic rules). In addition, not all the papers surveyed
above necessarily have both types of agents simultaneously
to consider pedestrian-vehicle interaction.

Some papers have restricted their survey to studies propos-
ing only deep learning models [9], [10], showing the shift
of the recent models toward network architectures that can
capture interaction affects [10]. This is while others have
covered a larger variety of methods, including both empirical
science and machine learning methods [11], [12] which is
also an approach followed in this review. Rudenko et al [11],
have categorized proposed human trajectory prediction models
based on their motion modelling approaches and the contextual
information used in the models. The interaction between
the agents is discussed as part of the contextual cues of
a dynamic environment considered for trajectory prediction.
While summarizing the strengths and weaknesses of differ-
ent modelling approaches [11], they have mentioned how
nearby agents’ dynamic cues can be handled within each
model category. But unlike the current review, they do not
distinguish between pedestrian-vehicle interaction compared
to pedestrian-pedestrian interaction. Gulzar et al. [7] discuss
interactions between agents as part of the situational awareness

Fig. 1. Main topics covered in the review through answering the six research
questions. While many of these topics can be interconnected, only the main
connections between our research questions are visualized. Examples of the
categories found in each topic are shown in the smaller circles.

of the agent’s model. They suggest that models relying on data
can capture more complex interactions between agents com-
pared to physics-based models. Pedestrian interaction models
are also discussed in [12] while devoting a separate section
to the game theoretic approaches taken for modelling mutual
interactions and pointing out that more research is needed for
bringing psychological-informed models of human interaction
into motion behaviour prediction models.

However, not all the papers surveyed above necessarily have
both pedestrians and vehicles simultaneously in the environ-
ment. Therefore, the interaction methods surveyed in the above
papers mainly include only pedestrian-pedestrian interactions
with few also covering the interactions between a pedestrian
and a vehicle during a road crossing. Hence, to the best of our
knowledge, this is the first comprehensive systematic review
of the approaches taken for modelling pedestrian-vehicle inter-
action in pedestrian motion prediction methods, focusing on
models applicable to unstructured environments. Within this
review, special attention is paid to how pedestrian-vehicle
interaction is encoded differently from pedestrian-pedestrian
interaction in an environment with heterogeneous agent types
as these interactions are different in nature due to the size,
speed and motion kinematics differences of various agent
types. In this regard, the datasets that include different agent
types and were used for pedestrian trajectory prediction in the
presence of a vehicle are also summarized as part of the survey.

It should also be kept in mind that pedestrians can handle
the same interaction scenario differently due to individual
differences and other factors affecting people’s actions, such
as their different internal states, emotional attitudes, time
pressure, or perception of the environment. Therefore, we also
review the methods proposed in the literature for considering
these pedestrian differences as well as the approaches taken
for modelling the overall stochastic nature of the pedestrian’s
trajectory prediction. The details of our research questions are
listed below (also see Fig. 1).
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TABLE I
THE TWO SEARCH QUERIES USED IN SCOPUS. THESE TWO QUERIES WERE COMBINED TOGETHER WITH OR

Research questions:
• RQ1: What are the existing methods for pedestrian trajec-

tory prediction and motion modelling under the influence
of vehicles, which can be applied to unstructured
environments?

• RQ2: How are interactions between pedestrians and vehi-
cles modelled when predicting the pedestrian’s trajectory?

• RQ3: How are the differences between multiple traffic
modes (e.g., pedestrian, vehicle) and multiple types of
interactions accounted for in these past models?

• RQ4: If considered, how is uncertainty of pedestrians’
future position modelled in these past models?

• RQ5: If considered, how is diversity in pedestrian
behaviour encoded in these models? (hidden characteris-
tics of personality, gender, age, level of cooperation etc.)

• RQ6: Which datasets are collected or have been used
in the previous models and what type of data do they
contain?

II. REVIEW METHOD

For answering our research questions, we conducted a
systematic review by following the PRISMA1 guidelines. The
search query used for collecting papers on pedestrian trajectory
prediction or motion modelling in mixed pedestrian-vehicle
environments is given in Table I. We came up with this search
query through an iterative process in Scopus in consultation
with University of Waterloo’s Librarian. We searched for these
terms in the title, abstract and keywords of papers.

We used the three databases of Scopus, IEEE Xplore, ACM
DL for conducting our search and collecting the related papers.
The search query in Table I was adjusted for each database
due to their different styles and requirements (e.g., using
fewer terms in IEEE and ACM due to the word limit of their
search engine). We limited our search to peer-reviewed articles
published in journals or conference proceedings within the past
10 years (2012-2022). We conducted the search on June 2022,
which identified a total of 933 papers in Scopus, 524 in IEEE
Xplore, and 113 documents in ACM DL. After removing the
duplicates we were left with 1260 papers to screen.

The inclusion and exclusion criteria used for extracting the
papers are listed as follows.

Inclusion Criteria:
• Articles on pedestrian trajectory prediction or motion

modelling

1Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA).

• Articles considering the presence of both pedestrians and
vehicles in the environment (mixed traffic)

• Articles that modelled the interactions between the agents
(pedestrians and vehicles)

• Articles that involved unstructured or shared spaces (as
defined above)

• Articles with no restriction on the interaction scenarios
and no use of traffic rules or road-specific information
(e.g, road boundaries and sizes) in the model

• Peer-reviewed articles published in journals or conference
proceedings

• Articles published in the past 10 years (2012-2022)
Exclusion Criteria:
• Articles considering only vehicles or only pedestrian

trajectories (focusing on homogeneous user types)
• Articles that did not consider the interactions between the

agents
• Articles that exclusively focused on road crossing
• Articles that investigated pedestrian trajectory prediction

for small non-vehicular robots in an unstructured envi-
ronment

• Articles that did not focus on actual trajectories and only
predicted intentions or decisions

• Articles that did not model the trajectories at the indi-
vidual level and focused on the flow of pedestrians (e.g.
evacuation models)

• Articles not written in English
After title and abstract screening (performed by one of the

authors), a total of 492 articles remained, the full text of
which were assessed for Eligibility. Fig. 2 shows the PRISMA
flow diagram. A final set of 64 papers met all inclusion and
exclusion criteria and were left for a full review.

In order to find models that can be used for unstructured
environments, we looked for papers that were modelling
pedestrian’s trajectory while interacting with vehicles in
(1) off-road environments, (2) environments with alleviated
structure and traffic rules, or (3) urban street environments
were the model did not use road-specific information and
did not restrict the pedestrian-vehicle interaction scenario to
road crossing. One example of environments with alleviated
structure and traffic rules is the shared spaces which are urban
environments with removed curbs, road surface markings, and
traffic signs. Different traffic agents in these environments
are encouraged to share the space and negotiate the priority
based on social rules [13]. Therefore, diverse interaction
scenarios with different approach directions similar to off-road
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Fig. 2. PRISMA guidance flow diagram.

interaction can happen in these environments. A couple of
trajectory dataset from such environments are available that
were used in the literature for training or calibrating the param-
eters of prediction models. On the other hand, we excluded
papers that were focusing exclusively on pedestrian cross-
ing scenarios happening on conventional roads as they were
clearly happening in a structured environment and using traffic
rules or road dimensions. But we kept papers that, despite
using datasets of urban street environments, did not restrict
the pedestrian-vehicle interaction scenario in their model to
only crossing and did not use road-specific information. This
means that these models can also be used for unstructured
environments. Therefore, we included them to have a more
comprehensive review of pedestrian-vehicle interaction mod-
elling in proposed pedestrian trajectory prediction methods.

In the rest of the paper, sections III-VIII discuss results
related to each of the research questions. In section IX,
we discuss the identified gaps and provide suggestions about
the future research directions. We conclude the paper with
section XI.

III. RQ1: PEDESTRIAN MOTION PREDICTION
MODELING APPROACHES

The year distribution of the 64 extracted articles is shown
in Fig 3, depicting the fact that more focus is being put in
recent years on trajectory prediction of heterogeneous agents
including the pedestrian-vehicle interaction modelling.

Different methods have been used in the reviewed litera-
ture for modelling and predicting pedestrian trajectories over
time. The reasoning mechanism behind how a pedestrian’s
state evolves over time is either formulated through explicit
hand-crafted rules or learned from real-world trajectory data.
Therefore, the two main categories found in the literature for
pedestrian motion prediction are expert-based and data-driven
approaches while in some proposed methods a combination of
both is used.

Fig. 3. Distribution of publication year of the reviewed paper between
2011 until June 2022.

Fig. 4. The different pedestrian motion prediction approaches used in the
literature with their identified sub-categories. The number of reviewed papers
in each category is shown.

Due to the focus of this survey on papers that include
interactions, all the approaches reviewed here include interac-
tion modelling within their motion model. Therefore, in this
section, an overview of the interaction-aware prediction
approaches pursued in the literature is provided without distin-
guishing their interaction modelling part from the rest of the
model. However, a more detailed discussion on the specific
interaction modelling part will be left to section IV.

Motion prediction approaches in Table III summarizes the
model used in each of the reviewed articles. Fig. 4 shows the
number of reviewed papers that uses each of these approaches
and its sub-categories. We came up with these categories based
on the papers that we reviewed while being inspired by the
existing categories in the literature [7], [11], [12], [14].

A. Expert-Based Models

Expert-based models involve a human-crafted explicit rule
that governs pedestrians’ state transition or represents their
decision-making process. Physics-based models governed by
laws of physics and other heuristic-based transition models in
discrete time fall under this category.

1) Physics-Based Models: Physics-based models use equa-
tions of motion from laws of physics for propagating forward
the state of the agent. These models use either kinematics
or dynamics equations derived from laws of physics (e.g.,
Newton’s second law) [11]. The Social Force Model (SFM)
as a physics-based model uses the second law of motion for
simulating pedestrians’ motion toward their goal position.

In the dynamic equation of SFM, the motion of the pedes-
trian is formulated to be under the influence of multiple
forces with the basic ones being an attractive force to the
destination and repulsive forces from both obstacles and
other agents (e.g, pedestrians or vehicles) in the environment.
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The summation of these forces specifies the acceleration
vector of a pedestrian according to Newton’s second law of
motion [15], [16]. While the underlying dynamic equation of
SFM with only the attraction force towards the destination
can be used as a basic motion model for pedestrians, the
social forces from other agents are an additional factor in
the SFM for interaction modelling. Therefore, some papers
have used the SFM as an interaction model in a multi-layer
architecture on top of a simple motion planner that calculates
the agent’s shortest path to its destination considering only the
static obstacles in the environment [17], [18], [19].

Other physics-based models based on kinematic equations
are the constant velocity and constant acceleration models
implemented in [20] for pedestrians while using a Kalman
Filter state estimation. In this work, the vehicle’s motion is
modelled using a constant turn rate and constant velocity
formulation. In their model, the two agents’ motions are made
coupled by transforming the pedestrians’ coordinate into the
vehicle’s moving frame [20].

2) Heuristic-Based Prediction Methods: There are other
expert-based motion prediction approaches where the
hand-crafted decision rule for generating the next state from
the current state of the pedestrian and its neighbours is based
on some heuristics. These heuristics are often related to
avoiding collisions while remaining close to the original track
(e.g., [17], [21]). Such heuristics are often used to form a
utility function that is tried to get maximized when solving
for the next state [17], [18], [19], [21], [22]. In this line,
Anvari et al. searched for the speed and heading change that
besides resolving a pedestrian’s conflict with a vehicle will
result in the minimum deviation from the original path to
the destination [17]. These hand-crafted rules are constructed
based on some heuristics. For example, the heading angle
(i.e., the direction in which the pedestrian’s path is pointing)
in [21] is decided based on the straightest direction to the
goal position while accounting for the distance to the closest
collision in that direction. Then the speed of the pedestrian
in the selected direction is calculated based on a specified
minimum time to collision value.

Another human-crafted rule-based motion prediction
approach is the game theory methods that have been used
along with SFM in a couple of papers [18], [19], [22]. In these
game-theoretic approaches, a payoff matrix for pedestrians’
and cars’ few discrete actions are hand-crafted based on some
heuristics. Using this payoff matrix the optimal strategies of
the two interacting pedestrian and vehicle agents are found
by solving the Nash equilibrium which results in the agent’s
predicted next state.

The Cellular Automota method (CA) is another approach
commonly used in simulation environments for generating
agent’s trajectories as consecutive occupied cells over time in
a discretized world [23], [24]. The transition between different
cells in CA is governed by some hand-crafted rules and pre-
specified probabilities. In [23], the pedestrians’ motion in
a drop-off area at a railway station is modelled using this
method. In this work, the direction and speed of the pedestrian
are determined based on rules including the gap acceptance
of pedestrians which is defined as the pedestrian’s minimum

comfortable time left for an approaching vehicle to reach the
intersection point when a pedestrian starts crossing in front of
the vehicle [23].

B. Data-Driven Models

Instead of relying on explicitly defined dynamic equations
or hand-crafted rules for describing the pedestrians’ motions,
many researchers have worked on learning these behavioural
motion patterns from data (e.g., [25], [26], [27]). This
approach is followed in the literature with the goal of
modelling pedestrians’ more complex movements that cannot
be captured by a hand-tuned function. For this purpose,
different function approximates have been fitted to the
human trajectory data ranging from linear regression models
(e.g. [28], [29]) to more complex deep learning models
(e.g., [30], [31], [32]). We identified four categories of
data-driven models: Deep learning, Bayesian Networks,
Linear model, and Reinforcement learning-based models are
discussed in the following subsections.

1) Deep Learning Models: In deep learning methods for
pedestrian motion modelling, a highly non-linear function
represented by a neural network is used for predicting the
pedestrian’s future state given their trajectory history. Due to
the sequential nature of pedestrian trajectory, many of the
models proposed in this area are based on recurrent neural
networks (RNN) that can capture the dependencies between
time series data. Different kinds of RNNs are used in the
literature such as the Long Short Term Memory (LSTM)
network [30], [33] or the Gated Recurrent Unit (GRU) [29].
The output of the popularly used LSTM cells, called the
hidden state encodes the trajectory history of each agent.

For the purpose of trajectory prediction, usually, an encoder-
decoder architecture is used [25], [34], [35], [36] where the
states of the pedestrian, mainly consisting of their position
coordinates will first get encoded into a hidden state as part
of the encoder module. Then the extracted feature of each
pedestrian’s trajectory along with all other related features
(e.g., the hidden states of other agents or scene features) will
go through a decoder module to output the predicted states of
the pedestrian’s future trajectory. Other encoded features used
for the trajectory prediction of a pedestrian in the literature
are the pedestrian’s pose [35], [37] or head orientation [36]
as a representation of their intentions, other agents encoded
trajectories or motion features for interaction modelling [30],
[31] and also scene features for considering agent-environment
context [38]. The way the encoded features of different agents
are shared with each other in the architecture for modelling
interaction is discussed in more detail in section IV. As another
method, a transformer network is used in [39] for pedestrian
trajectory prediction.

While the above methods apply sequential models, it should
be pointed out that non-sequential models such as the Con-
volutional Neural Networks (CNN) have also been used for
trajectory prediction [31], [40]. CNN is used in [40] for
extracting trajectory patterns and used for predicting the next
piece of trajectory among the alternative paths within a range
of possible smooth turns.
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Others have used CNN in combination with LSTM to
capture the dependencies between the spatial features in form
of agent-agent and agent-scene interaction along with the
temporal features encoded by LSTM [37], [38], [41], [42],
[43], [44]. These CNN are therefore part of the module that
encodes the interaction effects and will be discussed later in
section IV.

An alternative approach followed in the literature for cap-
turing spatial and temporal dependencies simultaneously in
a trajectory prediction problem is the use of Graph Neural
Networks (GNN) [32], [45], [46], [47], [48], [49]. In the
structure of a GNN, each agent is modelled with a node
in the graph and there exist two types of edges connecting
the nodes: temporal edges and spatial edges. Therefore, these
models are also called Spatio-Temporal graphs [42], [48],
[50]. The temporal edges model the relation between each
agent’s individual node attributes over time. The spatial edges
which connect the nodes of different agents together model the
interaction between the agents and will be discussed further in
section IV. The attributes of the edges and nodes are embedded
in a feature vector and inputted to an LSTM to encode their
information over time. These data are then concatenated for
predicting each node’s future trajectory.

A variant of GNNs called Graph Convolutional Networks
(GCN) has also been used for trajectory prediction of pedes-
trians in a mixed environment of multi-class agents [51],
[52], [53]. In these models, the feature of each node and the
structure of the graph’s connections in form of an adjacency
matrix are inputted to a multi-layer convolutional network for
extraction of common patterns in the trajectories.

Creating multiple plausible future trajectories through
repeated sampling of generative models is another com-
mon approach followed in the literature for considering the
multi-modality nature of human trajectory. This is done
through the use of Generative Adversarial Networks (GAN)
in [42], [54], [55], [56], [57], and [58] with different architec-
ture for the generator and the discriminator but all consisting of
LSTM layers. The other generative model used in the literature
is the Conditional Variational Autoencoders (CVAE) which
formulates the future trajectory of each agent conditioned on
its past trajectory and a latent variable that can be sampled
multiple times [29], [38], [48], [59], [60], [61]. This latent
variable is learned during the training phase by providing both
the trajectory history and the future trajectory of an agent.

2) Dynamic Bayesian Networks: A Dynamic Bayesian Net-
work (DBN) has been used in [26] for modelling the state
change of multiple heterogeneous agents. Two main tasks of
intention estimation and trajectory prediction are performed
simultaneously in their proposed model. The clear causal
dependencies between the variables in the Bayesian graphical
model can bring more interpretability to the DBN approaches
compared to the deep learning methods. The variables of the
proposed DBN in [26] include agents’ continuous state, action,
observable state and a discrete latent state used for analyzing
the decision and actions of agents. The approximate inference
for estimating the intentions and predicting the trajectories of
agents is performed through the use of a particle filter and the
PedX dataset [62].

3) Linear Regression Models: A trajectory planning model
is proposed in [28] that predicts the velocity of the pedestrian
at the next time step as a linear function of its current velocity
and a vector of motion parameters consisting of the vehicle’s
influence on the pedestrian, the pedestrian’s own goal position,
the effect of surrounding pedestrians, and the cooperative fac-
tor of the pedestrian. Assuming that the pedestrian’s velocity
is linearly influenced by all these factors, the parameters of the
function that maps these inputs to the predicted output is found
through linear regression and using the CITR dataset [63].
The defined cooperation factor in the formulation itself is
also modelled as a linear function of parameters such as the
probability of collision, deformation of the personal zone and
the density of space surrounding the agent, and the parameters
of this model are also derived using linear regression.

In another method proposed in [27], a pedestrian-vehicle
interaction model is used on top of a random walk veloc-
ity model (i.e., the velocity of the next time step being
normally distributed with a mean equal to the velocity of
the current time step). In this model, first, the pedestrian
specifies the vehicles that require attention and whether the
pedestrian should yield to the vehicle or continue at their
own desired speed. These decisions are made based on a
defined piece-wise linear risk function knowing the closest
distance and the time to the closest distance between the
pedestrian and the vehicle. Once the yielding decision is made,
the pedestrian velocity is predicted based on another vehicle
influence function that is also piece-wise linear and determines
the fraction of the desired speed during the yielding [27].
Therefore, the pedestrians’ yielding decision as well as their
next step velocity, is modelled to be a linear function of
parameters such as lateral distance between pedestrian and
vehicle. The coefficients of these functions are then learned
using the DUT datasets [63].

4) Reinforcement Learning Methods: The collision-free
trajectory of multiple heterogeneous agents can be gen-
erated simultaneously using multi-agent planning methods
such as the multi-agent deep reinforcement learning (RL)
method implemented in [64] and [65]. The collision avoidance
between a pedestrian and a vehicle is modelled as a Markov
Game in [65] and the optimal policy of the agent is found using
an actor-critic network in the RL framework. Pedestrians’ and
vehicles’ reward functions are recovered using a multi-agent
adversarial inverse RL approach [64], [65].

C. Combination of Data-Driven and Expert-Based Models

In a few paper, deep learning models have been combined
with expert-based models for predicting pedestrians’ future
trajectories [50], [66], [67]. Johora et al. [66], have shown that
the combined approach outperforms each of the pure methods.
In their architecture, the expert-based methods consist of the
three interacting modules of free-flow trajectory planning, the
social force model, and the game-theory decision layer. This
combination is executed in parallel with the deep learning
module. The output of the deep learning-based module is
then used when no conflict between the predicted trajectories
of agents is detected. In case of a detected conflict in the
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generative trajectories of the deep learning model, the output
of the Expert-based model will be implemented.

Moreover, in the data-driven deep learning models proposed
in [50] and [67], some physics-based dynamic constraints on
the motion of agents are applied at the near-end layers of the
model for guaranteeing the feasibility of the generated trajec-
tories. In [50], the actions of agents are predicted through the
network and a kinematic cell that takes as input that action and
the current state, generates as output the next state of the agent.

In a couple of expert-based models (e.g., SFM), the param-
eters of the model are estimated by using real-world trajectory
data [17], [19], [23], [68], [69]. In these methods, parameters
such as safety distances, range of repulsive forces, payoff
matrices of the game [19] or the social factor and perception
zones in the SFM [68] are calibrated through a process to get
the minimum difference between the ground-truth trajectories
in the dataset and the simulated ones using the model.

D. Discussion on Strength and Weaknesses of Expert-Based
and Data-Driven Models

Expert-based approaches, as described, require human
hand-crafted explicit decision rules of how pedestrians’ tra-
jectories evolve over time. These designed transition rules as
usually not environment-specific, can be used across multiple
environments without any need for training data which makes
them suitable for unstructured environments. However, these
models might not be able to capture all the complexity of
the real world pedestrian motion. In addition, the intervention
of human modellers in drafting general reasoning principles
makes it hard to scale up these models for new larger problems
while taking into account all the different factors influencing
human’s complex decision-making process.

On the other hand, data-driven approaches can capture
the complex non-linear trajectory behaviour of pedestrians
embedded in the training dataset with a great accuracy. There-
fore, these methods are suitable for situations with complex
unknown dynamical effect that is hard to be captured through
hand-crafted formulations. However, the problem with deep
learning methods is their black-box nature that makes the
generated behaviours hard to explain. The lack of control over
the generated trajectories could sometimes cause unjustifiable
outputs. As these models are trained using real-world date
they could get biased by some contextual information of
the environment from which the trajectories are captured.
Therefore, data-driven approaches require a sufficient amount
of data from different sites and scenarios for satisfying the gen-
eralizability of the trained model. This is an important factor
to consider when it comes to models trained for unstructured
environments as diverse interaction scenarios can happen in
these environments. Additionally, the computational cost of
training deep-learning models could become a bottleneck in
these approaches.

Cheng et al. [14] have compared a proposed expert-based
trajectory model with another designed deep-learning model
for shared spaces. By using a common framework for a
fair comparison, they showed that the expert-based model
predicts collision-free trajectories with the downside of their
predictions tending to be homogeneous. On the other

Fig. 5. The different methods used for modelling pedestrian-vehicle inter-
action in the pedestrian’s predicted motion. The number of reviewed papers
in each category is shown.

hand, they showed that the deep learning approach, while
being accurate for short-term predictions, may generate
near-collision trajectories in the long term as the prediction
accuracy degrades for long prediction horizons [14].

The above work is a comparison study between two
specific example models from the two broad category of
expert-based and data-drive-based approaches for trajectory
prediction. However, more studies are required for comparing
the prediction performance of different modelling approaches
in general.

IV. RQ2: INTERACTION MODELING

The presence of a moving vehicle close to a pedestrian
can highly affect the pedestrian’s motion behaviour and is an
important factor to consider when modelling or predicting the
pedestrian’s future trajectory [31], [56]. This effect, referred
to as the pedestrian-vehicle interaction effect [31], has been
modelled in many different ways in the literature depending
on the type of model used for generating the pedestrians’
trajectory such as being expert-based or data-driven.

From a broad perspective, these interaction effects can
be categorized to be modelled either explicitly or implicitly.
In the explicit interaction modelling approaches (e.g., see [17],
[18], [70], [71]), the effect of the vehicle on a pedestrian’s
motion is forced through some clear terms in the formulation
of the pedestrian’s motion such as through explicit forces in the
social force model (e.g., [68], [72]). On the other hand, data-
driven modules often account for these interactions implicitly
by using the vehicle’s trajectory as another input to the model
along with the target pedestrian’s own trajectory (e.g., see [30],
[45]). As these models are trained on datasets collected from
real-world interaction scenarios, it is expected that the model
will learn the interaction already embedded in the data.

More details on the interaction models proposed in the lit-
erature in each sub-category will be discussed in the following
sections. Fig. 5 summarizes the number of reviewed papers in
each category.

A. Explicit Interaction Modeling

We categorized explicit interaction approaches used in the
literature into applying a) repulsive forces, b) combination
of SFM with other collision avoidance strategies c) direct
coupling of motions and d) other methods.
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1) Repulsive Forces: The original social force model
(SFM), proposed by Helbing and Molnar [73], only considers
the social interactions between pedestrians. Many papers have
extended that model by introducing additional forces for
modelling pedestrian-vehicle interaction [15], [74]. The way
these additional forces are formulated is the main difference
between these extended social force models.

In these models, each vehicle exerts a repulsive force on
the pedestrian based on its relative distance and approach
direction. The effect of the relative interaction distance is cap-
tured in the so-called decaying function [69] which is usually
selected to be an exponential function of the distance [70],
[75]. Another function which is used in some of the SFM
model formulations is called the anisotropy function [69], [76].
This function formulates the effect of the different interacting
directions on the magnitude of the repulsive force. Such
a function will consider, for example, the higher influence
that a pedestrian walking toward the vehicle will experience
compared to another pedestrian that is walking away from the
vehicle when both of them are positioned at the same distance
from the vehicle, which means having the same value for the
decaying function [69], [76].

Some papers have modelled the vehicle with a circular shape
same as how pedestrians are modelled in SFM but with a larger
radius [68], [77]. In these models, the asymmetrical effect
of the vehicle’s influence is accounted for in the anisotropy
function or considering the approach angle and its change
rate [68], [77]. On the other hand, some others have modelled
a vehicle with an ellipse and considered the asymmetry of
the vehicle’s influence by calculating the pedestrian’s relative
distance based on its angular position with respect to the
ellipse [17], [72], [75].

In [70], one foci of the ellipse is placed on the middle rear
point of the vehicle and the other is placed on an extended
front point depending on the vehicle’s speed. In this way,
the model is accounting for the more dangerous front zone
of the vehicle compared to its rear area and also extending
the danger zone as the vehicle’s speed increases. A repulsive
force perpendicular to the tangent line of the ellipse edge is
experienced by a nearby pedestrian in their model [70].

Others have used a fixed ellipse which encloses the vehicles
and repulsive force is modelled as an exponential function of
the distance between the vehicle and the pedestrian, where the
distance depends on the relative orientation of the pedestrian
with respect to the vehicle [17], [72], [75]. Yang et al.
define three areas around the vehicle — namely the front
area, body area, and back area — and propose a different
formulation for the lateral and longitudinal forces of the
vehicle on the pedestrian in each area [76]. Of course, the
front area always has the highest magnitude of forces due to
being more dangerous. A rectangular shape contour with an
extended triangular shape in the front is used for the vehicle
in [69]. The vehicle-pedestrian interaction force is calculated
as a function of the minimum distance between the pedestrian
to the contour. The magnitude of the force is also adjusted
according to the walking direction of the pedestrian.

The interaction between a vehicle and pedestrians in very
close contact is also modelled with these repulsive forces

in [71] and [78]. In a simulation case of an ambulance trying
to pass through a crowded scene of pedestrians, a collision
penalty force is exerted whenever the vehicle and the pedes-
trians penetrate into each other’s personal space. This repulsive
force will help the agent regain their personal space when it
is violated by others. The personal space for the vehicle is
represented with 3D cones around the polygon shape of the
vehicle and pedestrians are modelled with circles.

2) Combination of SFM With Other Collision Avoidance
Strategies: The repulsive force in the SFM increases when
the agents get closer to each other and almost vanishes when
they get far away [73]. Because of this, short-range repulsive
forces of the SFM can cause frequent urgent detours when
it comes to pedestrian-vehicle collision avoidance. Therefore,
many papers have combined the SFM with other collision
avoidance strategies [16], [17], [68], [75], [77]. In this regard,
a long-range collision avoidance method is proposed in [17]
and [75] for handling potential collisions that might last by just
following the SFM formulation. Within this method, potential
conflicts are predicted by geometrically projecting the shadow
of the pedestrian in the direction of the car. The minimum
speed and direction change for avoiding the collision are then
calculated by solving an optimization problem.

For long-range conflicts, defined as conflicts happening in
more than 2 seconds in [16], the authors consider a force
that keeps the pedestrian in a safe zone. This is done by
defining a force perpendicular to the car which models the
pedestrian’s tendency to walk parallel to the car in a shared
space environment.

SFM is used alongside a proposed decision model in [68]
and [77], which gets activated whenever a conflict is pre-
dicted with the vehicle by referring to the time-to-collision
(TTC) parameter. The decision model decides on an action
based on (a) the type of the interaction being from the
front, back, or lateral, and (b) the expected crossing order
between the pedestrian and the vehicle. These actions are
implemented through some newly introduced forces in the
SFM and can create a sharp turn, a stop, or a step-back
action. For no-conflicting interactions, the simple SFM in
which the vehicle just has a repulsive force on the pedestrian is
used.

SFM’s ability to directly map perception to action is used
in [18], [19], and [79] for solving simple reactive interactions.
However, for handling more complicated interactions which
require deciding among different alternative actions, a game-
theoretic layer is added on top of the SFM. The decided action
at the game-theoretic layer is executed by the force-based
layer. This model specifically designed for shared space was
named Game-Theoretic Social Force Model (GSFM) [19]. For
handling multiple conflicts in a shared space more efficiently
using this model, the authors proposed the concept of using a
conflict graph [22]. This graph will keep track of the conflicts
at each time step and helps the model prioritize the conflicts
based on their urgency instead of solving each detected
conflict right away. Later, the GSFM is proposed to be used
beside a deep learning model and perform as a safe backup for
the data-driven model [66]. Within this structure, whenever
the predicted trajectories of the data-driven model end up in
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a collision, the output of the GSFM will be used instead as
a guaranteed collision-free trajectory prediction [66].

3) Direct Coupling of Motions: Interactions could also
be modelled explicitly by coupling the vehicle and the
pedestrian’s motion equations and directly considering the
effect of an agent’s action on the other’s motion decisions.
In this regard, Zhang et al. [20], have used a constant turn
rate and velocity model (CTRV) for modelling the vehicle’s
motion. Using the corresponding equations, they mapped
the pedestrian’s state to ego vehicle’s coordinate. Using a
constant velocity model for the pedestrian’s motion in the
vehicle’s frame, the authors derived a coupled system of
equations in which the pedestrian’s position and velocity are
the states of the systems and the ego-vehicle velocity are
used as control variables [20].

Game theoretic methods used in the literature for consider-
ing the effect of interacting agents’ actions on one another also
fall into this category as they solve for a coupled decision for
the interacting agents by searching the Nash equilibrium [18],
[19], [22], [66], [79]. These calculations are based on a payoff
matrix that explicitly encodes the effect of one agent’s decision
on the other. For example, the game-theoretic layer in the
proposed architectures of [18], [19], and [79], models the
interaction between a pedestrian and a vehicle as a Stack-
elberg sequential leader-follower game [80] where a payoff
matrix is designed for possible discrete actions of continue,
decelerate, or deviate for the pedestrian, and continue and
decelerate for the vehicle. The final optimal actions are
executed via the social force layer to generate the coupled
trajectories.

4) Other Explicit Interaction Models: There are also other
methods used to explicitly account for the effect of the vehicle
on the pedestrians’ future states. In [21] at each time step, the
speed and direction of the pedestrian are chosen in a way to
guarantee no collision with the vehicle when the trajectories
cross. The effect of the vehicle on the pedestrian’s speed is
also modelled in [27] based on the calculation of the collision
risk which is defined to be a function of the minimum distance
and the time to the minimum distance in each interaction.

In the cellular Automata formulation in [23] and [24] pedes-
trians decide to cross in front of the vehicle if the remaining
time left for the vehicle to get to the position of the pedestrian
is higher than a threshold. This common criterion has been
used in the literature, especially for modelling pedestrian
crossing decisions on streets and is called gap acceptance of
the pedestrian. But Cheng and Li [23] used the same concept
for the drop-off area of a railway station which was more
similar to an unstructured environment. Also, in [24] when a
vehicle suddenly runs into the critical gap of a pedestrian, the
person’s reaction is simulated among four possible behaviour
with a probability assigned to each: Going forward, rushing,
waiting, going backward.

Other heuristics such as TTC have also been used in
combination with the Social force model [72], [77] to keep
track of interaction between pedestrians and vehicles. In [72]
the TTC governs the principal behind the vehicles behaviour
in interaction with pedestrians, where the vehicle breaks
whenever the TTC is lower than a threshold. In [77] another

decision layer on top of the SFM gets activated when the TTC
between the agents gets below a threshold.

A cooperation factor for pedestrians is defined in [28] as an
explicit interaction element between a pedestrian and a vehicle
close to each other. This cooperation factor is a function of
the probability of collision between the two agents and the
deformation of the pedestrian’s personal zone. Both of these
features account for the effect of the vehicle’s motion on the
pedestrian’s future state. In the trajectory planning part of this
model, the next step velocity of the pedestrian is predicted
as a function of the current velocity and a 7-dimensional
parameter. These motion parameters encode the effect of the
vehicle and the pedestrian’s destination weighted through the
cooperation factor, along with two other terms related to
the effect of surrounding pedestrians and the change in the
agent’s cooperation. The parameters of the linear regression
models in this paper are estimated using real data [28].

B. Implicit Interaction Modeling

In data-driven deep learning methods for pedestrian trajec-
tory prediction, interaction effects are usually encoded through
a separate module that its output is used along with the agent’s
own encoded trajectory history to generate the predicted next
state of the agent. The module that encodes the interaction
effects uses the trajectory information of nearby agents along
with the target agent’s own information for implicitly learning
the effect of interacting neighbours on the target-agent trajec-
tory from real data.

Different models have been proposed for combining the
trajectories of different agents in the interaction module such
as pooling mechanisms or graph neural networks. Some papers
that are focused on predicting the trajectory of a single
pedestrian from the egocentric view of a moving vehicle, try
to account for the interaction between the pedestrian and the
ego vehicle using some moving features from the vehicle in
the data-driven prediction model [25], [35], [39], [81], [82].
The interaction formulation in each of these three models is
discussed separately in the following subsections.

1) Pooling Trajectories of Interacting Agents: One of the
common ways for pooling hidden states of all surrounding
agents is by constructing an occupancy grid map centred at
the target agent’s position [30], [38], [55]. In these occupancy
maps, the hidden state of all agents residing in the same grid
cell will be summed together, building a tensor that embeds
information of all interacting agents that can impact the future
trajectory of the target pedestrian. This tensor input will be
used along with the target agent’s own spatial hidden state
as the two main inputs to the LSTM network used for the
trajectory prediction.

While the above-mentioned grid map used for constructing
the tensor input has a rectangular shape in [30] and [55],
Cheng et al. have used a circular polar occupancy map where
the orientation and the distance of the agents with respect to
the target pedestrian specify the occupied cells [38]. Moreover,
this paper also pays attention to pedestrians that walk in
groups and the interaction differences between group and non-
group members. Therefore, the agent’s group members are not
included in the construction of the person’s occupancy map.
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In the above-mentioned papers, grid maps used for social
pooling are constructed locally around each target agent.
A global version of such spatial feature maps at each time
step is proposed and used in [42] by dividing the bird’s-eye
view of the scene into discrete cells. In this constructed map
the feature encoding of each agent is placed in a tensor based
on the agent’s position coordinate. These 2D tensors at each
time step go through a CNN while the temporal dependencies
between these spatial maps over time are also analyzed by
using a separate LSTM network.

Two maps are created for each agent in [44] called the
Horizon map, and the Neighbour map by pooling the embed-
ding of nearby agents in two defined regions. The horizon
region, which contains the agent’s prioritized interactions with
others has a semi-elliptical form in front of the agent while
the neighbourhood region is defined as a larger elliptical area
around the target agent with a fixed number of closest nearby
agents in that region being considered as neighbours. Each
of these created maps goes through a Convolutional network
that can capture the local dependencies between features
of interacting agents in that map and the outputs are then
concatenated with the target agents embedding to predict the
future trajectory of the target agent [43], [44].

While the construction of a tensor input based on an
occupancy grid map for encoding interactions are mainly
based on relative distances [30], [38], [55], Cheng et al, have
proposed a tensor input that relies on collision probability with
other agents [33]. However, their collision probability is again
formulated as a function of the distance between the pedestrian
and the vehicle considering their approach direction and the
elliptical shape of the car.

Instead of using occupancy grid maps and storing the hidden
states of nearby agents in such a map in form of a tensor for
keeping the relative positions, others have used max-pooling
or softmax pooling layers to sum the hidden state of all
surrounding agents. In these softmax layers the weighted sum
of the neighbouring agent’s hidden state is calculated with a
weighting that is a function of the distance between the target
agent and all the other nearby agents [56]. In other words,
these papers directly use the value of the relative distance
instead of accounting for that based on the position of the
pedestrians on an occupancy map.

In this line, The pedestrian-vehicle interaction weights are
calculated based on their relative distances in [31] using a
max pooling layer. These weights are then aggregated with the
vehicles’ embedded moving state to get the pedestrian-vehicle
interaction feature.

In [56] the output of the softmax layer is used for
aggregating the interaction effect of multiple neighbouring
pedestrians by learning an importance weight for each.
The input to their softmax layer for each surrounding
pedestrian is an embedding of both the target pedestrian’s
distance from that neighbouring agent and from the vehicle.
Therefore, the vehicle’s effect is seen through its impact on
pedestrian-pedestrian interactions [56].

Two different types of pooling modules are proposed
in [54], one for homogeneous agents and the other for het-
erogeneous agents. The pedestrian-vehicle interaction effect

is considered in the heterogeneous pooling module in which
the average output of the vehicle’s homogeneous pooling
module is combined with each pedestrian’s output from its
own homogeneous pooling module.

The relative importance of surrounding agents when aggre-
gating their state can also be specified with an attention
mechanism [59]. While the attention coefficients of the sur-
rounding agents are mainly constructed based on their relative
Euclidean distance to the target pedestrian, other social fea-
tures such as the bearing angle between the two agents and
their speculation distance were also used [57]. In fact, in [57]
two different attention coefficient is defined. One considers all
the agents in the scene even if they are far away from the target
agent and the other takes into account only closer agents that
are located inside a semicircular region in front of the target
agent. The latter helps the network to put more emphasis on
interaction in front of the target agent. These two weightings
have been added together to construct the final attention scales
for each agent.

Unlike the above methods that use position coordinates as
input and pool together the hidden states of agents’ position
over time, a couple of models in this area have used the image
inputs and conducted pooling on the features extracted from
images [37], [41], [82]. In [82] the images captured from
an ego-centric view are used as input. In their method, each
image is divided into different categories including the target
pedestrian, surrounding pedestrians, vehicles and static context
and each extracted categorical image is processed separately
with convolutional layers (CNN) and an LSTM. The outputs
of all these categorical images are then pooled together using
an attention mechanism to account for the interaction between
these agents.

The methods proposed in [41] and [37], work on the
images captured from a stationary camera. A grid map around
each pedestrian in the image is constructed and the relative
position of 13 object categories including vehicles located
in the pedestrian’s grid map is encoded in a multi-channel
tensor (one channel for each category). This tensor input is
then combined with other inputs and goes through multiple
convolutional and LSTM layers to encode interaction between
the agent in different categories for predicting the next position
of the agent in the image.

2) Message Passing Through Spatial Edges of Graph Neu-
ral Network: In the structure of the graph neural networks
(GNN) used for pedestrian trajectory prediction, the spatial
edges which connect together different nodes, model the inter-
action between the agents representing those nodes and the
effect of these interactions on the future position of each agent.
The process of aggregating information from connected nodes
in a graph and using that for updating the node’s representation
is referred to as message passing. This mechanism is used
for formulating the effect of interacting agents on a target
pedestrian’s motion in GNNs. An attention mechanism is
usually used in these models as a way of encoding the relative
importance of the connected edges for the target agent.

Two nodes or agents are connected through an edge in the
graph and are considered to be interacting with each other
based on a criterion that varies between different papers.
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A popular criterion is the spatial distance where two agents
are connected with a spatial edge in the graph if they are
within a certain distance from each other [29], [45], [50].
Then the features of connected neighbours to an agent will
be used with the agent’s own feature for the calculation of its
future location. While there are papers that rely on a criterion
for specifying connecting edges, some just start with a fully
connected graph [58], in other words accounting for all agents
in the scene.

In [67] the existence of these edges is decided based on
a reinforcement learning framework where the actions are
specified as making each edge on or off and the reward is
defined according to how good the overall trajectory prediction
is for the selected graph connections. They refer to this process
as the hard attention module of their overall framework while
also having soft graph attention which weights the relative
importance of the existing edges to prioritize interactions that
have the highest impact on the future position of each agent.

There are a couple of papers that used directed graph [29],
[46], [48], [53], [58] as opposed to undirected ones. Directed
graphs are usually used to account for the asymmetry of the
interactions [53]. The interactions can be considered asymmet-
ric by accounting for the effects such as field of view, moving
direction and moving speed of agents [53]. In this regard,
three different directed graph with different logic for node
connections is proposed in [53], namely: view graph, direction
graph and rate graph. In the view graph agents are connected
to neighbours that are within their field of view which depends
on each agent’s moving direction. For the direction graph the
agents are assumed to pay attention to those that might have
a potential conflict with the agent by considering the agents
moving directions and finding the possibility of crossing paths.
Finally, in the rate graph the effect of neighbours’ speed on
the amount that they will gain attention is considered for
constructing the edges of the graph.

In [29], the graph and its encoded interactions are also used
for predicting the short-term intentions of agents in the form
of a probability distribution function over a discrete set of inte-
ntions [29]. This predicted intention is then used along with
the graph structure itself for predicting each agent’s future
trajectory.

Some have used Graph Convolutional Network (GCN) to
directly operate on the graph [45], [51], [52], [53]. In these
models, an adjacency matrix is constructed which stores the
connected edges in the graph and specifies weights for them
that are proportional to the inverse of the relative speed [52]
or relative distances [45], [53] of the interacting agents. The
justification behind this selected function is that further away
neighbours are less likely to have an impact on an agent’s
future trajectory. In the structure of a GCN, the attributes of
the connected nodes will be aggregated using the adjacency
matrix and combined with the agent’s own node attribute to
be used for predicting the agent’s future path. Therefore, the
node’s connectivity or in other words the agent’s interactions
with others will be considered in the prediction process.

As opposed to GCN, other GNN methods have used recur-
rent neural networks (RNN) such as LSTMs to encode the
sequential dynamic features of the edges in the graph. In the

later, the attributes of the edge are relative measurements such
as relative distance between the two connected traffic agents in
the graph [29], [32], [46], [47], [48], [49], [50], [58], relative
velocity [29], [46], [50] or relative heading/yaw angel [46],
[50]. These edge features are sent to an RNN (e.g., LSTM [32],
[40], [48], GRU [46], [50]) to encode the information of the
spatial interactions between the agents and to be used along
other embedded information (e.g., the temporal edge) to output
the predicted trajectory in subsequent layers.

Other features used as edge attributes in literature are the
type of interacting agents and the label of the interactive event.
The type of agents interacting with each other is represented
by a unique encoder in [32], [47], and [49] and used as a
feature of the spatial edge. Mo et al. [46] also used edge type
(a discrete indicator) as an edge attribute which is specified
based on the type of agents interacting with each other.

Another feature used for the edges of the GNN is interactive
events [32], [49] that for a road interaction can be events such
as overtaking from left, driving away from left or parallel
driving [32]. In [49] a separate module is developed for
interactive event recognition and is used as another way of
modelling interactive behaviours besides the trajectory inter-
actions encoded in the graph neural network.

3) Ego Vehicle-Pedestrian Interaction: For the papers that
study the pedestrian’s trajectory prediction from an egocentric
view, the interaction of the pedestrian with the ego-vehicle is
the pedestrian-vehicle interaction considered in these papers.
These interactions are usually modelled by inputting some
characteristics of the ego vehicle’s motion alongside the pedes-
trian’s own position sequences. One of the usual features used
for this purpose is the ego vehicle’s speed which could have a
high effect on the decision and motion of the pedestrian that
is interacting with the vehicle.

The ego vehicle’s speed is used in a couple of papers
for predicting the pedestrian’s next position in the camera’s
image [25], [35], [39], [81], [82]. Some have even proposed
the use of a separate network for predicting the ego vehicle’s
next speed and using that for trajectory prediction of the
pedestrians [25], [35]. Other papers have used features like
the relative distance of the pedestrian to the ego-vehicle [60]
or the ego vehicle’s location coordinates [36] along with
the other pedestrian’s motion features. The pedestrian head
orientation [60] and their body pose are other interaction
features used as input which could embed the pedestrians’
awareness of the vehicle or their intention to cross in front of
the vehicle.

While all the above papers are focused on pedestrian’s
trajectory prediction and its interaction modelling from the
perspective of an ego vehicle, Kim et al [34], have added
the pedestrian’s perspective to this and considered interaction
features like relative positions between the pedestrian and the
vehicle, the pedestrian’s head orientation with respect to the
vehicle and the vehicle’s speed. These features are used as
interaction indicators when predicting the motion decisions
from the pedestrian’s perspective and in the next stage are
combined with the pedestrian’s predicted trajectory from the
driver’s perspective, with its own considered interaction fea-
tures, to generate the final motion forecast.
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However, capturing the scene from the perspective of an
ego-vehicle means that all the pedestrians’ motion sequences
used in the above papers are with respect to a moving frame
or in other words relative positions. Therefore, the use of
vehicle features such as location or speed as another input
could only be considered as a way of correcting for the
effects of a moving frame and not necessarily an interaction
consideration in the model. This is made clearer in [40] where
they used a relative motion transformation module to transfer
the pedestrian’s relative coordinate in the camera’s view to
the absolute motion on the ground using the ego-motion
of the vehicle-mounted camera. But even in this paper, the
authors claim that with this module the effect of the vehicle’s
ego-motion on pedestrians’ speed and direction changes for
avoiding any collision with the vehicle will be encoded in their
model.

4) Other Implicit Interaction Modelling: In very few papers
the trajectory prediction problem is modelled as a Bayesian
network and the interactions are formulated through the causal
and temporal connections in the graphical model [26]. In the
graphical model proposed in [26], the next state of each agent
is predicted as a function of its previous state and action. The
variables that decide the actions are the current state and the
latent state Z. The latent state of each agent is conditioned on
the state of all nearby agents. This is how the model accounts
for interaction.

The concept of using such latent variables that accounts for
the interaction by taking as input all the agent’ trajectories
or states is also used [61]. But instead of using a Bayesian
network, they model the conditional probabilities as neural
networks by using the structure of a variational auto-encoder
(VAE). In the model proposed in [61], an attention mechanism
is used to find the dependence of this latent variable on the
agent’s previous trajectories.

In [64] and [65], the trajectory of a pedestrian and a
vehicle while interacting with each other is generated using
a reinforcement learning framework where each agent decides
on its action based on the state of itself and the state of
the other agent. In this paper, the reward function of the
agents for collision avoidance is recovered using an inverse
reinforcement learning (IRL) approach. Among the inputs
that IRL algorithm uses are longitudinal and lateral distance
as well as heading angle and speed differences between
the vehicle and the pedestrian. Therefore, by being trained
on real data a reward function is learned that implicitly
considers the interaction between the pedestrian and the
vehicle [64], [65].

V. RQ3: DIFFERENCE BETWEEN PEDESTRIAN-
PEDESTRIAN AND PEDESTRIAN-VEHICLE

INTERACTION

When modelling pedestrians’ motion considering influences
from both vehicles and other pedestrians, it is important to
understand how pedestrian-vehicle interaction is implemented
and how it differs from a pedestrian-pedestrian interaction.
These differences are discussed here while being categorized
based on the applied interaction model.

A. Interaction of Agents in SFM

In the Social Force Model where interactions are modelled
through forces, the repulsive force exerted on the target
pedestrian from another pedestrian is formulated differently
from the repulsive force from a vehicle [15], [70]. In some
models, this is done through the selection of different values
for some of the parameters in the formulation, such as the
interactive strength and interaction range of the repulsive
force from a vehicle compared to a pedestrian [18], [19], [74],
[75]. Other parameters such as the social force factor, the
perception zone and the preferred speed are given different
values for a pedestrian versus a vehicle in [77]. Moreover,
the different field of view of vehicles compared to pedestrians
are accounted for in [79] considering that only interactions
with surrounding pedestrians and vehicles that fall into an
agent’s field of view will affect that agent’s path. Some
even solve pedestrian-vehicle conflicts differently compared
to pedestrian-pedestrian conflicts by adding extra forces for
pedestrian-vehicle interactions. These extra forces are decided
based on other layers added in the model, on top of the SFM,
such as game theory [22], [79] or other designed decision
models [68], [77].

The other difference in the interaction formulation of a
Social Force Model is caused by considering the difference
in geometry and size of the vehicle compared to a pedestrian,
which affects the calculation of the distance between the two
agents [17], [72], [75]. The size of the agent also impacts
the personal space (e.g., the space around each agent into
which any encroachment feels uncomfortable) [71], [78] and
conflict zone (e.g., A distance below which there is a risk of
collision) [68], [77] of a pedestrian versus a vehicle. While
pedestrians are basically considered to have a circular shape
in SFM, vehicles are commonly modelled as an ellipse. Due
to this elliptical shape, the distance between a pedestrian
and a vehicle also depends on the orientation of the vehicle
compared to the pedestrian [17], [72], [75]. The orientation of
the vehicle and the shape of the danger zone around it which
is made a function of the vehicle’s speed in [69]and [70] will
affect the magnitude and the direction of the repulsive force
exerted by the vehicle on the pedestrian [69], [70], [76].

B. Interaction of Agents in Models That Use a Pooling
Method

In articles that model the interactions implicitly by pooling
the hidden states of different agents, a distinction between
pedestrian-pedestrian versus pedestrian-vehicle interaction is
made by having different pooling modules [30], [31], [37],
[41], [54]. This is done in [30] by having two separate
occupancy maps for each pedestrian, one for pooling the
hidden states of nearby pedestrians and the other for nearby
vehicles. The output of both pooling modules is concatenated
with the pedestrian’s own hidden state for predicting its next
state. The same concept is followed in [37] and [41] when
creating the tensor of surrounding agents for each pedestrian
in each video frame. The third channel of the defined tensor
has a dimension equal to the number of object categories.
Therefore, the position of other pedestrians and vehicles
is specified separately in their corresponding layers in the
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channel. In [54], two homogeneous pooling modules are
defined, one for pedestrians and one for vehicles, and the
heterogeneous interaction between a pedestrian and a vehicle
is captured in a heterogeneous pooling module.

Another approach followed in the literature is using the
category of each agent (e.g., pedestrian or vehicle) as an
input feature, similar to how temporal position coordinates
are encoded for each individual agent [38], [57]. In this way,
the hidden state generated for each agent will embed the
agent’s type, which will be implicitly accounted for when
pooling the neighbouring agents together. The type of the
agent is specified using a one-hot representation in [38] and
is concatenated with the trajectory representation of the agent.
Moreover, in this work, a separate heat maps is also created
for the trajectory distribution of each agent type in order to
capture the information of more likely visited areas in the past
of each agent category. In [43], agent size is used as an input
to account for different agent types. This size will have an
effect on the weighting learned for the different interactions
of a pedestrian in the attention mechanism.

In the collision probability map used in [33] for encoding
interactions, the only difference considered for various inter-
action types is the way the distance between two pedestrians
is calculated differently compared to the distance between
a pedestrian and a vehicle in the formulation of collision
probability. This different distance calculation is due to the
size of the car and the elliptical shape used for modelling the
vehicle in this paper.

C. Interaction of Agents in Models That Use Graph Neural
Networks

Among the papers that implement the structure of a graph
neural network (GNN) for encoding interaction, there are a
few papers that account for the difference between interactions
of homogeneous agents versus interactions of heterogeneous
agents [32], [45], [47], [48], [49], [51], [52], [53].

In some models proposed using graph convolutional
network [51], [52], this is done by giving labels to the
graph nodes according to the agent’s type and by defining a
label-based adjacency matrix which specifies whether the two
agents connected in the graph are of the same type or not.
This label-based adjacency matrix is then used along with
the velocity-based adjacency matrix for each node to predict
the agent’s future trajectory as a function of its interactions
with others [52].

Others are using type of agent as part of the feature vector of
each node [32], [45], [47], [48], [49]. This way, the interaction
type — which is encoded uniquely based on the type of the
agents interacting with each other — can become part of the
edge feature and therefore is accounted for during the predic-
tion of agents future trajectories. For modelling heterogeneous
traffic agents in a GNN model, a couple of papers have used a
combination of an instant layer and a category layer [32], [47],
[49]. In the instant layer, the movement patterns of each agent
in the traffic are captured. In the category layer, a super node
is defined for each category of agent (e.g., pedestrian, vehicle)
and each node in the instant layer is then connected to its own
super node according to the agent’s type. This will ensure that

only agents of the same type will share the same parameters
due to their similar dynamics and motion pattern. In [48],
the same weight is used for agents of the same type when
aggregating the spatial edge hidden states of all neighbouring
agents.

The asymmetric interaction between multi-type agents is
implicitly accounted for in the directed rate graph proposed
in [53], where faster moving vehicles will have a different
effect compared to other agents. The other models that pre-
dict trajectories of heterogeneous agents using GNN rely on
using separate trajectory history encoders for each type of
agent, which means that the weights of encoders are only
shared among the same agent types [46], [50], [58]. However,
these papers do not clearly distinguish between the different
interaction types that a single agent can have (e.g., pedestrian-
pedestrian versus pedestrian-vehicle interaction).

D. Interaction of Agents in Other Methods

Among the other methods used for modelling interaction
are two papers using Cellular Automate. In these papers the
interaction between pedestrian and vehicle is governed by the
gap acceptance of the pedestrian, while the interaction between
two pedestrians is only modelled through the restriction of not
occupying the same cell at the same time [23], [24]. In the
method proposed in [21] where pedestrians avoid vehicles
by adjusting their speed and heading, the interactions among
pedestrians are only discussed as their behaviour in a group.
Kabtoul et al. have used different parameters in the formulation
of their pedestrian motion model, one accounting for the
effect of surrounding pedestrians and the other for modelling
the effect of the vehicle [28]. In their proposed model, the
density of the space surrounding the pedestrian also impacts
the pedestrian’s level of cooperation with the vehicle.

VI. RQ4: CONSIDERING THE UNCERTAINTIES OF
PEDESTRIAN’S PREDICTED TRAJECTORY

In reality, there are uncertainties assigned to any predicted
future trajectory of pedestrians since these predictions are
based on limited observable information from each person.
Therefore, it is more realistic for each predicted future position
to be assigned with a probability. While some methods such
as the social force model simulate pedestrians’ trajectories
in a deterministic way, there are algorithms proposed in the
literature that take into account the probabilistic nature of
the pedestrian’s future trajectory. By reviewing the papers,
we have found three main themes of how uncertainty was
modelled in the pedestrian trajectory predictions methods:
1) methods predicting the parameters of a distribution function
over the future states of the pedestrian, 2) methods imple-
menting generative models to produce multiple trajectories for
each pedestrian, and 3) Other diverse methods. The number
of reviewed papers in each category is shown in Fig. 6

A. Predicting the Parameters of a Distribution Function
Over Pedestrians’ Future Positions

Many data-driven methods have been proposed for pre-
dicting the probability distribution of the pedestrian’s next
state [30], [32], [33], [51], [52], [53], [56], [60]. In these
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Fig. 6. The number of papers using deterministic vs. probabilistic models for
pedestrian motion prediction and the different methods used for considering
uncertainty in the predicted trajectory.

models, instead of outputting the exact values of the pedes-
trian’s next position, the network is trained to output the
parameters of a bi-variate Gaussian distribution over the x and
y position coordinate of the pedestrian’s future trajectory [30],
[32], [33], [44], [47], [49], [51], [52]. Therefore, the output of
the final layer of their network has five components consisting
of two means, two standard deviations, and a correlation
value (σx , σy, sx , sy, ρ). Some other models have used higher
dimensions for the Gaussian distribution [60]. Li et al. predict
both pedestrians’ and vehicles’ trajectories, taking into account
the kinematic constraint of a vehicle’s motion [50]. Therefore,
as part of their network, they predict the vehicle’s next input
action as a multi-variant Gaussian distribution and use the
vehicle’s kinematic formulation to output the vehicle’s next
position given its current position and the predicted action
distribution [50].

Pedestrians’ future positions are predicted as a Gaussian
mixture model (GMM) in [56]. In this mixed model, an extra
parameter representing the weighting of each Gaussian com-
ponent is also added to the output of the network besides the
parameters of the Gaussian distributions themselves. Instead
of Gaussian distribution, Su et al. (2022), proposed the use of
a Cauchy distribution for the predicted position of pedestrians.
As a result, they predict the location and scale parameters of
a Cauchy distribution (mx , m y, γx , γy) [53].

B. Using Generative Models to Produce Multiple Trajectories

Using samples from the Gaussian distribution could cause
difficulty in training by making the back propagation process
non-differentiable [83]. Therefore, there is another approach
followed in the literature that directly predicts the position
coordinates but accounts for the uncertainty of pedestrian
predicted trajectory by producing multiple trajectory outputs
instead of one. This is argued to consider the multi-modality
nature of the pedestrians’ trajectories which means that there
exist multiple acceptable future trajectories for a pedestrian
given its previous trajectory [42], [48], [54], [61]. This is
done in the related literature by using generative models
either a variational auto-encoder (VAE) [48], [59], [61] or an
Adversarial Generative Network (GAN) [42], [54], [57].

In the use of conditional variational auto-encoders (CVAE),
each agent’s future position is predicted given a history of its

trajectory and a sample from a latent variable [48], [59], [61].
This latent variable itself is learned during the training phase
by taking as input both the pedestrian’s previous and future
trajectories. When using the trained network for prediction,
multiple samples from the latent variable will let producing
multiple outputs for the trajectory of the pedestrian.

The ability of Adversarial Generative Networks (GAN) to
produce multiple outputs is leveraged in [42], [54], and [57]
as another way of satisfying the multi-modality nature of
pedestrians’ future trajectories. This is done in [42], [54], and
[57] by inputting a random noise, sampled from a Gaussian
distribution, along with the other agent’s encoded features to
the generator module of the GAN. These different generated
paths will then be evaluated in the discriminator of the GAN
structure. In the discriminator module of the GAN in [38], a bi-
variate Gaussian distribution is fit to these different samples
produced by the generator and a joint probability distribution
is created for storing these trajectories. The final predicted
trajectory is then proposed to be the most likely prediction of
the joint probability density function.

Each of these generative models have their own strength
and weaknesses. GAN’s are usually prone to the mode col-
lapse problem where the network only generates one mode
of trajectory with high variance, which does not thoroughly
satisfy the multimodality criteria. CVAE models do not suffer
from this issue by explicitly modelling multimodality, yet they
present a challenge in defining additional loss criteria for
proper training [84].

Therefore, for ensuring multimodality of the predicted tra-
jectories, some models have combined the strength of both
methods by proposing a hybrid CVAE-GAN model which
adds the adversarial training benefit of GANs to the CVAE
models [84], [85]. By replacing the GAN’s generator module
with a CVAE structure, the hybrid model is encouraged to
learn a latent space that cannot be discriminated from the latent
space of the real trajectories and the overall model can produce
more diverse and realistic trajectories [84], [85].

C. Other Methods for Modelling Uncertainty

We found a few other proposed methods in the literature that
account for uncertainties of pedestrians’ future positions [24],
[26], [27], [67]. In the Cellular Automate framework used in
the [24], a probability is assigned to each possible reaction
of the pedestrian towards a vehicle that suddenly ran into
the pedestrian critical gap acceptance. Four reactions are
considered for this model, namely going forward, rushing
forward, waiting, or stepping backward [24]. In [27] the
next position of the pedestrian is predicted as a probability
distribution over the current position and speed of the person
and some other parameters such as the risk of collision with
a nearby vehicle. Through the Bayesian Network framework
used in [26], the probability of the selected action is calculated
given the current position of the agents and its discrete latent
variable. By sampling an action from this distribution, the
current state of the agent can be propagated to the next time
step. Other methods such as adding noise to the predicted state
of the agent are among the simple ways of accounting for the
uncertainty of the pedestrian’s predicted state [67].
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VII. RQ5: DIVERSITY IN PEDESTRIANS’ BEHAVIOURS

Pedestrians have different motion styles affected by their
personality, age, gender, or their awareness and perception of
the surrounding environment. For example, Robicquet et al.
showed the existence of four navigation styles in collision
avoidance strategies of pedestrians based on the distance a
pedestrian keeps from others and also the distance from which
the person starts the path deviation to avoid the collision [86].
These could be indicators of the pedestrian’s level of aggres-
siveness in navigation that can play an important role when
predicting the pedestrian’s motion [86].

Many models proposed for pedestrian trajectory prediction
disregard these personal differences and propose an average
behaviour model applied to all individuals (e.g. SFM and deep
learning methods with deterministic predictions). Being able
to output different trajectory styles for pedestrians can be con-
sidered a strength of a proposed model. This can be partially
addressed by accounting for the uncertainty in the prediction
output such as modelling the next states of a pedestrian as a
probability distribution (e.g., [32], [33]) or producing multiple
trajectories like papers that are implementing the VAE or GAN
architecture (e.g., [57], [59]).

Some models have more clearly accounted for these dif-
ferences in pedestrian motion behaviours. For example, two
different crossing behaviours in front of a vehicle were
detected in the virtual reality study conducted in [34], namely
fast crossing and slow crossing. Therefore, this work has
considered two separate modules for each type of pedestrian in
the neural network model that captures predictions from the
pedestrian perspective. Different aggressive behaviour levels
in pedestrians when crossing in front of a vehicle are also
modelled in [24] through a parameter in the gap acceptance
formulation. With this model, more aggressive pedestrians will
accept a lower gap between themselves and the vehicle when
crossing in front of a vehicle.

The differences between pedestrians can also appear in the
cooperation level of a pedestrian when interacting with others.
This level of cooperation for each pedestrian is predicted
in [28] as an effective factor in the pedestrian’s trajectory
planning model. The force-based model proposed in [71]
simulates non-cooperative pedestrians by applying an attrac-
tion force to their current position which models a group of
pedestrians that are standing still in a flow of pedestrians
and blocking a passage. An irrational childlike character is
modelled in [21] by ignoring the vehicle’s presence during
the trajectory generation of those pedestrians even if the path
of the vehicle is going to cross the pedestrian’s path. So the
pedestrian does not wait for the vehicle [21].

Another way of considering differences between pedes-
trians, which is usually applied in social force models,
is sampling the desired speed of each pedestrian in the
simulation from a normal distribution [68], [77].

VIII. RQ6: USED DATASETS

A list of different datasets used in the papers reviewed in this
article is provided in Table II. These datasets are categorized
based on their captured environment being a conventional

road, a shared space, or a campus environment. These datasets
have been captured either from a bird’s-eye view or from the
view of a moving camera usually mounted on a vehicle. The
majority of these datasets are publicly available online.

Data-driven models for pedestrian trajectory prediction need
to be trained on datasets that include trajectory data points of
both pedestrians and vehicles over time. Even in some papers
using physics-based methods such as the social force model,
these datasets are used for calibrating the parameters of the
model [17], [19], [68], [69] or for evaluating the performance
of the algorithm by comparing the simulated trajectories with
the real trajectories in the dataset [18], [22], [77], [79].

There already exist a variety of datasets that include trajec-
tory data of both pedestrians and vehicles interacting with each
other (e.g., DUT, INTERACTION, Waymo, nuScenes, KITTI,
USyd). However, many of these datasets are captured from
regular road environments (e.g., INTERACTION, Waymo,
nuScenes, KITTI). Therefore, fewer datasets exist that have
been recorded from less regulated environments where more
diverse interaction scenarios could happen between pedestrians
and vehicles, such as shared spaces or off-road campus envi-
ronments (e.g., HBS, DUT, CITR, parts of SDD and USyd).

In some datasets captured by a sensor-equipped vehicle
driving in the environment, annotated agents are specified in
both the camera image and the LiDAR point cloud (e.g., LOKI,
Argoverse, Waymo, nuScenes, KITTI; see Table II). Therefore,
by linking the outputs of these two sensors along with the
vehicle’s localization data, the trajectory of annotated agents
can be visualized and used from a top-down bird’s-eye view
in a global frame. For example, the data points of the Waymo
dataset are offered in world coordinates although the dataset
was captured with a sensor-mounted vehicle [105].

However, there are few available datasets captured with
a sensor-equipped vehicle that do not contain LiDAR point
cloud data such as the PIE and JAAD datasets. In these
datasets, only the ego-centric view of the dataset can be
used. Therefore, in models that use these datasets (e.g., [25],
[82]), the position of the pedestrian’s bounding box in the
camera’s image over time is used as observation and prediction
sequences for the models. In the PIE dataset, the sensor read-
ings for the ego vehicle’s motion are also recorded, which is
used as an input in papers focused on studying the interaction
between pedestrians and the ego-vehicle [25], [34], [39], [81],
[82]. On the other hand, JAAD dataset does not contain the
ego vehicle’s motion and instead of that specifies the high-level
actions of the driver such as moving slow or speeding up.

Other datasets that are captured from a bird’s-eye view, pro-
vide trajectories of all the agents in the same coordinate (e.g.,
SDD, HBS, HC, DUT). As these datasets are all capturing the
trajectories of heterogeneous interacting agents, the different
classes of agents annotated in each dataset are also provided
in Table II.

IX. GAPS AND SUGGESTIONS FOR FUTURE DIRECTIONS

Pedestrian motion modelling and trajectory prediction is
a well-studied area in the literature with different proposed
methods. In this review, we have taken a systematic approach
to identify the efforts and gaps in this area with a focus on
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TABLE II
DATASETS USED FOR TRAINING/CALIBRATING/EVALUATING PEDESTRIAN MOTION MODELS. THESE DATASETS INCLUDE TRAJECTORY

DATA OF HETEROGENEOUS AGENTS INCLUDING PEDESTRIANS AND VEHICLES. DATASETS SPECIFIED AS NM
(NOT MENTIONED) ARE NOT GIVEN SPECIFIC NAMES BY THEIR COLLECTED TEAMS/AUTHORS
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how vehicles’ effect on pedestrians’ future trajectory can be
modelled for unstructured environments (i.e., a place without
strict traffic rules and clear landmarks and road dividers [4],
[5]). Table III provides a detailed summary of the findings.
By reviewing these papers we have identified some gaps and
see potential future research directions that suggest future
work that can contribute to improvement of autonomous vehi-
cle operations in pedestrian-crowded off-road environments.

In this review, we did not attempt to evaluate the superiority
of one method over the other as for such a conclusion access
to all the models and performing a detailed qualitative and
quantitative comparison between all the different methods on
a common benchmark is required, which was beyond the scope
of this review. However, we encourage future works to focus
on such comparisons to specify the best modelling approaches
suitable for pedestrian trajectory prediction in unstructured
environments shared with vehicles.

A. Interactions in Unstructured Environments

The focus of this paper was on pedestrian trajectory pre-
diction methods that do not restrict their interaction scenarios
to only pedestrian road crossing or using rules or geometrical
information of structured environments, thus can be used for
diverse interactive scenarios happening between pedestrians
and vehicles in unstructured environments.

Therefore, we reviewed the existing articles that analyze
pedestrians’ motion in environments that are shared with
vehicles such as urban shared spaces, parking lots, and off-
road campus environments. We found that the majority of the
methods proposed in the literature for analyzing trajectories
in these environments are based on social force methods
with fewer data-driven methods proposed for simulating
motions in these types of environments. A probable reason
can be the limited number of datasets available for shared
or unstructured environments (e.g., HBS, DUT, HC, CITR,
Nantes, parts of the SDD and USyd dataset) compared to
datasets from road environments (e.g., inD, INTERACTION,
Argoverse, Waymo, nuScense, KITTI, ApolloScape, PIE,
JAAD). Due to this fact, a considerable number of deep
learning-based papers reviewed here are using datasets of
structured environments for model training, but they do not
restrict their interaction scenarios to road crossing. Therefore,
the same model architecture can be used for capturing motion
behaviours in unstructured environments.

The more diverse and complex interaction that can happen
between pedestrians and vehicles in unstructured environments
requires more attention and is not thoroughly captured in the
existing datasets. This research gap needs to be addressed by
collecting more datasets from these environments and studying
pedestrian motion behaviours and the vehicles’ effect on their
movement patterns in such spaces (e.g., at airports, shopping
centres, etc.).

B. Combination of Data-Driven and Expert-Based Methods

Comparing data-driven methods proposed in the trajectory
prediction literature with expert-based methods, data-driven
methods are gaining high prediction accuracy while their black
box nature sacrifices their interpretability. On the other hand,

the outputs of expert-based motion models are explainable
but they cannot always capture the complexity of human
decision models. Therefore, there is more need for developing
data-driven methods that can, to some extent, be explainable,
such as methods that use a combination of these two types
of models, as an example the one proposed in [66], which
can help overcome the drawbacks of each method and pro-
vide backup support. This combination can also help with
introducing motion constraints in the deep-learning methods
caused by the agent’s dynamics (e.g., [50], [67]) for guiding
the optimization algorithm of these data-driven methods and
speeding up their learning process.

C. Features Used for Modelling Interactions

Despite the many different approaches followed in the
data-driven methods for implicitly modelling interactions
between pedestrians and vehicles, improvements still can be
made in the features used for capturing these interactions and
how two interacting agents can be specified more effectively.

The common feature used for encoding interaction in deep
learning methods is the relative distance between the agents.
While the trajectories of close agents are more probable to be
affected by each other, distance is not the only factor governing
the interactions. The impact of trajectories on one another also
highly depends on the speed and the approach direction [101],
[102], or in other words on the risk of penetration into an
agent’s personal zone. Therefore, a distant agent approaching
a pedestrian from the front can have a higher impact on the
pedestrian’s movement decision compared to a closer agent
with a non-crossing path. Thus, more effective interaction
features should be used for data-driven methods besides
relative distance such as the relative velocity [29], [46], [50]
or the collision probability [33] used in a few papers. These
features are used to better capture the effect of agents’ motion
on each other, and to develop models that can better represent
agents’ interaction, therefore improving pedestrian prediction
algorithms.

Further, almost all reviewed papers have only used the
current state of the nearby agents, including the vehicle,
to predict how the trajectories will interact and the way
the pedestrian’s trajectory will evolve in the future. However,
for being able to use the pedestrian’s trajectory prediction
in the decision-making algorithm of an autonomous vehicle,
the vehicle needs to predict the pedestrian’s trajectory more
actively as a function of the different actions the vehicle
can take in the future [12]. For example, predicting the
pedestrian’s response to different possible vehicle actions such
as decelerating, accelerating or deviating to either side. This
is related to the integration of trajectory prediction with the
motion planning and control methods which is usually left
unexplained in papers that focus on either of these areas [11].
This level of prediction capability that accounts for the vehi-
cle’s future action in the pedestrians’ following trajectory is
necessary, especially for simulation environments in which
a reinforcement learning navigation algorithm is trained for
vehicle operation among pedestrians. This will let the vehicle’s
navigation algorithm take an active role in controlling the
interaction between the pedestrian and the vehicle based on
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TABLE III
SUMMARY OF REVIEWED PAPERS (Ped STANDS FOR PEDESTRIAN AND Veh STANDS FOR VEHICLE)
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TABLE III
(Continued.) SUMMARY OF REVIEWED PAPERS (Ped STANDS FOR PEDESTRIAN AND Veh STANDS FOR VEHICLE)
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TABLE III
(Continued.) SUMMARY OF REVIEWED PAPERS (Ped STANDS FOR PEDESTRIAN AND Veh STANDS FOR VEHICLE)

these predictions. This is especially an important consideration
for unstructured environments where the vehicle needs to be
trained on more diverse interaction scenarios which have been
studied less as the majority of the previous research and their
collected dataset are based on structured environments.

These more active pedestrian trajectory prediction algo-
rithms, if data-driven, will also require a more detailed dataset
that contains the vehicle’s action at each step when inter-
acting with the pedestrian. Therefore, more detailed future
datasets containing the vehicle’s action on the brake and
throttle as well as the steering wheel can benefit this line of
research.

D. Considering Pedestrians’ Different Motion Styles

Most papers in the current literature assume the same
behaviour for all pedestrians in the environment, predicting
all the motions from the same model [11]. Only [24], [34]
considered pedestrians’ different crossing styles and [28]
formulated the cooperation factor of pedestrians based on
other parameters, with non-cooperative or irrational pedestri-
ans behaviours being simulated in [21], and [71]. Therefore,
based on the findings of section VII, pedestrian differences
in how they navigate and cooperate with others for collision
avoidance, while being important, has seen limited attention
in the literature. How pedestrians’ reactions toward a vehicle
can vary based on the pedestrians’ time pressure, age or the
person’s overall navigation style can highly affect the future
prediction of a pedestrian’s trajectory. Therefore, there is a
need for more comprehensive pedestrian motion models that
can encode these differences. This is especially important to
be considered in data-driven methods since they are prone to
learn an average behaviour seen in the dataset unless trained
in a way to explicitly account for the different navigation
behaviours embedded in the data. An intelligent autonomous
vehicle that can perform at a social awareness level same as a
human driver needs to recognize these differences in the way
pedestrians handle interactions.

E. Benchmarks for Model Evaluation in Unstructured Shared
Spaces

The performance of each proposed pedestrian trajectory
prediction model in the literature is usually reported in com-
parison to a few selected baselines over some subsets of the
existing trajectory datasets. This prevents one from being able
to conduct a generalizable and fair quantitative comparison
among all different approaches. For making this comparison
possible, a common benchmark is required that tests all the
algorithms on the exact same datasets and ideally can use
richer evaluation metrics that can also measure social aware-
ness of the predicted trajectories, specially for those models
that encode interactions effects. Such a comparison could give
the community insights on model architectures and individual
module designs that perform better than others and suggest
areas for potential improvement. In addition, effective learning
and evaluation of different interaction modules require training
and testing these models on highly interactive scenarios.
In fact, having many non-interactive trajectories in a dataset
can prevent the model from truly focusing on learning inter-
action patterns and can lead to misleading evaluations [103].

In this regard, the TrajNet++ benchmarks for pedestrian
trajectory prediction has been introduced in 2020 [103].
By defining a high level trajectory categorization consisting
of Static, Linear, Interacting, and Non-interacting trajectory
types, this benchmark focuses on the Interacting category
and has sampled these types of scenarios from a couple of
popular pedestrian trajectory datasets for building the TrajNet
benchmark. Therefore, this benchmark focuses on training and
evaluating pedestrian trajectory prediction in highly interactive
scenarios. This benchmark also introduces two novel metrics
related to collision for better evaluating the collision avoidance
capabilities of different models which is a crucial metric
for evaluating the level of social-awareness of the predicted
trajectories in interactive scenarios.

Kothari et al. have compared three different grid-based
and four different non-grid based interaction modules (e.g.,
max-pooling, sum-pooling, attention and concatenation) on
this benchmark while keeping the remaining modules
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(encoder and decoder) the same [103]. Their results suggest
that among non-grid based methods in interaction modelling,
using attention mechanisms for aggregating the trajectory
information of neighbouring agents gives lower prediction
errors and specially lower collision rates compared to using
other aggregation models such as concatenation and max-
pooling. Meanwhile they highlight the fact that despite its
simplicity, concatenating the embedding of various neighbours
for interaction modelling performs only slightly worse com-
pared to its more complex attention-based counterpart [103]
but still works better then both max-pooling and sum-pooling
by preserving the information of the surrounding neighbours.
Similar compassion exists for interactions captured through a
grid-based methods where their results suggest that grids built
based on velocity information can more accurately predict the
future trajectories of pedestrians with less collisions [103].

Despite all its benefits, the TrajNet benchmark is focused on
pedestrians trajectories only in pedestrian-pedestrian interac-
tion scenarios and lacks datasets that contain both pedestrians
and vehicles in the environment which was the focus of the
models reviewed in this paper. Comparisons on a common
benchmark that includes both pedestrians’ and vehicles’ tra-
jectories, though not exists yet, can be beneficial for evaluating
other aspects discussed in this paper such as for specifying the
most efficient method for encoding uncertainty or multimodal-
ity among the existing propose models (e.g., GAN vs CVAE).

There are other open challenges and benchmarks such as the
Argoverse2 motion forecasting challenge [104], the Waymo
challenge [105] or the nuScenes prediction benchmark [94]
that are named after their datasets which are collected from
the road environments. These benchmarks are mainly focused
on vehicle trajectory prediction and also include pedestrian
trajectories on the sidewalks and crosswalks, but do not
really report separate evaluations for pedestrians and vehicles
predicted trajectories. Therefore, a separate benchmark or at
least an extension to the existing ones is required which could
evaluate the pedestrians’ trajectories in scenarios where both
pedestrian-pedestrian and pedestrian-vehicle interaction exist
in shared and more unstructured spaces. Such a benchmark
could then be used for evaluating and comparing the models
that can be used for pedestrians trajectory prediction in an
unstructured environment where both pedestrians and vehicles
are present. However, we believe that the main barrier for
such benchmarks covering heterogeneous interaction types in
shared unstructured spaces is the limited number of existing
datasets from such environments. Therefore, as a first step,
more datasets should be collected from these environments
as discussed previously, based on which benchmarks can be
developed in the future.

X. LIMITATIONS

Our review has a couple of limitations which are typical
for survey papers. We did our best to carefully design a
comprehensive search query through an iterative process and
also consulting with the Liaison Librarian at University of
Waterloo. But it is always possible that we might have missed
some related articles through these search queries. Also,
as commonly used in review articles related to topics addressed

in this review, we selected the three popular databases known
for containing papers in this research area. But there could
have been articles in other databases that we have not covered.
Further, our review has not included articles that were written
in a language other than English.

Unstructured environment is not a common terminology
used in the literature. It is very recently formally defined [4],
[5], [6]. Thus, to be consistent in the selection process, we had
to carefully define a criteria for selecting the papers that could
satisfy the condition for our environmental consideration dur-
ing the screening and eligibility checks. To take into account
the different terminologies used in different work, we did not
include any term in the search queries related to unstructured
environments. We rather manually checked all the articles for
the type of environment, the considered interaction scenarios,
and the environmental information used in the model. We then
kept those articles that used an environment that could be
considered as unstructured (based on the definition provided
earlier in the review and the related literature defining it)
or had proposed a model that can potentially be used for
unstructured environments, i.e., models that did not restrict
the interaction scenario to road crossing or used any traffic
rule or road-specific information in the model.

When reviewing and summarizing the reviewed articles,
we only relied on the information reported by the authors
about the model. Considering this fact, it was not always clear
if the articles using heterogeneous datasets had considered
both pedestrians and vehicles in the data. Therefore, we only
reported on papers that had clearly specified considerations of
vehicles and pedestrians simultaneously in their model.

Finally, the list of datasets provided here is based on
the ones we found in the reviewed articles, where we
tried to include even less popular datasets. But there might
be other datasets of unstructured environments or mixed
pedestrian-vehicle spaces that we did not find.

XI. CONCLUSION

Models that can represent pedestrian-vehicle interactions
in unstructured environments require more attention as inter-
action effects can be different and more diverse in these
less-regulated, shared spaces compared to road environments.
This becomes particularly important as low-speed autonomous
vehicles in the future are visioned to give service in current
pedestrian-dominated environments or share the space more
commonly with pedestrians on shared streets. These will
require autonomous vehicles to have a better understating of
the effect of their presence and actions on pedestrians’ future
motion for guaranteeing pedestrian safety.

This article reviewed the existing work on pedestrian
motion modelling or trajectory prediction in the presence of
vehicles. It provided a summary of (1) Pedestrian motion
prediction approaches, (2) the approaches used for mod-
elling pedestrian-vehicle interaction, (3) considered differences
between pedestrian-pedestrian interaction versus pedestrian-
vehicle interaction (4) uncertainty modelling in the pedes-
trian’s predicted trajectories (5) pedestrian behaviour diversity
consideration, and (6) the datasets used that contains both
pedestrian and vehicles in a mixed environment. Through this
review research gaps were identified as below:
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• More comprehensive studies on diverse interactions
between pedestrians and vehicles in unstructured envi-
ronments are required, collecting more data from such
environments.

• There is a need for developing models that combine
data-driven and expert-based models that can bring
together the benefits of both approaches (e.g, the inter-
pretability of expert-based models and the ability of
the data-driven models in capturing more complex
behaviours).

• There is a need to study using interaction features that
are beyond just relative distance between agents and take
into account the active influence of vehicle’s decision on
the pedestrian motion in the prediction models.

• Pedestrians’ different motion styles in the trajectory pre-
diction need to be considered in the future work.

• Different methods need to be evaluated on a common
benchmark for a better understating of different methods
strength and weaknesses.

These identified gaps can inspire the future research direc-
tion for pedestrian trajectory prediction under influence of
vehicles in unstructured environments.
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