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ABSTRACT
In the domain of Autonomous Navigation of Robots, Trajectory
prediction of the surrounding pedestrians becomes essential for
reliable Path and Motion planning in a crowded human-centred
scenario. Predicting the future trajectory of pedestrian remains a
challenging problem due to unknown inherent dynamics, social
behaviors and uncertainties in the environment. Of all the different
modelling strategies, learning-based algorithms have shown considerable capability as they naturally capture the human behaviors in a
crowded scenario. By exploring the past trajectories and optionally
the cues from the environment, the future positions of pedestrian
trajectory on a pre-defined horizon could be predicted sequentially.
In this research, we focus on the question, How to model the
human interactions more efficiently to benefit the motion
planning of mobile robots? We propose our ideas based on previous work by exploiting Graph theory and Recurrent Neural Networks (RNN).
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INTRODUCTION

Understanding the social behavior of humans has kept drawing
attention in the last few decades while developing of autonomous
systems [5, 13, 16, 22]. In several applications such as autonomous
driving [20], mobile robots [31], surveillance [9], the state-of-theart approaches have shown high potential to improve the social
compliance for breaking through the dead end (local minimum) of
the system functionalities in a crowed urban environment.
As an example of mobile robot in such space, the robot is frequently suffering from the Freezing Robot Problem (FRP) [33].
Even novel motion planning algorithms have been exploring new
methodologies to control the robot under intrinsic and extrinsic uncertainties and generate hypotheses of feasible path by optimizing
goal-oriented target function with contextual constraints [21, 25].
The planed motion could still lose the validity in a human-centred
space. In such situations, the robot with an invalid motion plan

might not only collide with pedestrians, but also risk the localization, where the pose of the robot cannot be referenced accurately
(using GPS, motion capture system) [7]. As mentioned in [33], the
key to navigate in a scenario filled with pedestrians could be traced
back to the joint collision avoidance based on social forces [13].
Observing the same conclusion in many previous work, the awareness of human behavior becomes necessary to plan a more robust
motion. With this conclusion, forecasting the human trajectories
in a short future is essential to inform the planning algorithm for a
smoother robot motion.
However, pedestrian trajectory prediction for robots is a challenging problem inherently. It requires understanding of human motion,
intention and interaction with limited sensory inputs [8]. Plenty
of approaches have been proposed in recent research, which can
be classified in three categories physics-based, pattern-based
and planning-based trajectory prediction according to [26]. In
physics-based methods, the motion of dynamic objects and the
human social behaviors are often modeled with hand-crafted parametric functions explicitly [6, 13, 28, 34]. By inferring these predefined functions on system state such as velocity or formulating
these social factors into a energy-minimizing mechanism, future
trajectory of objects could be forecasted upon the physical model
based on Newton’s laws. Although this kind of method has been
exploited in a long time, the performance is still restricted because
of limited representation capacity of non-linearity and strong assumptions such as constant velocity [29], linear dynamics [24, 38],
no contextual information [1, 11] etc. Considering these limitations,
pattern-based (learning-based) approaches abandon the classical
pre-defined models and allow learning to implicitly represent dynamics and social features using common approximations such
as Gaussian Process (GP) [15], Gaussian Mixture Model (GMM)
[17] and neural networks (NN) [10]. In contrast to learning-based
prediction, which fits the target function with given data passively,
planning-based methods are reasoning the rationality of the models actively by optimizing the action cost or imitating to learn the
non-linear target function.
Even though competitive results are shown within these methods, this problem can only be considered solved in fine-tuned, deterministic industrial use-cases, which can hardly be established in
an extrinsic scenario due to the uncertainties of the environment
[26]. Furthermore, to our knowledge, motion planning algorithms

HRI 2020, March 23–26, 2020, Cambridge, UK

by now are still less benefited from social awareness from a practical point of view, since the previous work are mostly validated in
simulation [3].
In this short report, regarding our research question for modelling the social behaviors to predict the pedestrian trajectory, we
aim to briefly review learning-based methods using RNNs for pedestrian trajectory prediction and rethink the modelling strategy of
social interactions with contextual information and its practicality
with a well-defined problem configuration of mobile robots.
This paper is structured as follows: section 2 summarizes the
learning based approaches in brief. The problem definition and our
research ideas will be introduced in section 3 while conclusions
and future plan are presented in section 4.

2

LEARNING-BASED TRAJECTORY
PREDICTION

Given observations of the sequential pedestrian trajectories and
environment representation, learning-based methods propose to
extract the motion patterns and joint intention of humans. These
methods are furthermore distinguished into sequential and nonsequential, location dependent and independent, context dependent and independent models. Instead of taking the causality
between each observed pose on the trajectory into account, common motion patterns will be approximated and clustered to predict
the future trajectory within non-sequential modeling [37]. Compared to sequential modeling, less data is required and the learned
motion patterns highly depend on the underlying scenario, which
typically leads to insufficient generalization. Therefore, sequential
modeling with RNNs turns to be more popular in recent research.
Alahi et. al 2016 [1] proposed a Long Short Term Memory (LSTM)
model to learn the trajectory of each human in continuous space.
The social interaction of pedestrians is captured using a social pooling neural layer, which connects the LSTMs so that the hidden
states in the LSTMs are shared. Later, this method has been extended to enable the social pooling to capture more social factors
like grouping and context awareness [2, 11, 23, 30, 35]. More than
pooling layer, spatio-temporal information beside spatial information was also maintained [12, 14, 36] in order to model the temporal
attention of human in social interaction.
Along with validation of aforementioned approaches, which are
mostly supposed to learn social behaviors without consideration
of contextual information, it has been proved in several work that
the contextual information is crucial to generalize the trajectory
prediction [19, 27, 36]. In [27], the static environmental features
are extracted by a common convolution neural network (CNN)
and then fed into the LSTM of each human as physical attention.
Furthermore, besides social pooling, [19] introduces navigation
pooling to indicate the probability of positions while navigating and
semantic pooling, which detects the cross-able areas in the current
scene. These methods have shown a higher accuracy compared to
vanilla LSTMs without contextual information.

3

OUR RESEARCH IDEAS

Based on the state-of-the-art methods in the research community,
we address this problem in the case of mobile robots and state our
research ideas in this section.
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3.1

Problem Setup and Notation

In our use-case, we setup the problem with following assumptions:
(1) the pedestrians are tracked and re-identified in the crowd
and their trajectories (sequential 2D position) in euclidean
state space is given in global coordinate system Kw .
(2) the robot is moving and its pose is given in the same coordinate system Kw .
Let pti = (x ti , yti ) indicate the position of an agent hi , the 2-D sei = {p i , p i , ..., p i )} be the trajectory till the timestamp
quence Tobs
1 2
obs
of observation tobs .
Following [19], given a semantic map Isem ∈ Rn×n , which labels
the object boundaries projected on the ground in euclidean space,
and a navigation map Inav ∈ Rn×n , which analyses the probability of the positions to be visited and trajectories of neighboring
1 , T 2 , ..., T i−1 }, the features used to model
agents Ntir aj = {Tobs
obs
obs
the social interaction should be extracted as
F i = G(Isem , Inav , Ntir aj )
and later the interaction for the human agent hi is supposed to be
modeled as
Si = RN N (F i , Ti )
Finally, with a trajectory approximator such as bivariate Gaussian distribution [36], the future trajectory could be approximated
as
i
i
i
i
Tobs+t
= {pobs+1
, pobs+2
, ..., pobs+t
} = P(Si )

3.2

Our Ideas

Rethinking of learning-based methods by hybrid-modelling with
RNNs and graph theory shows a great potential to predict human
future trajectory resulting in better motion planning of mobile
robots.
Inspired from [19] and [36], our first ideas and interests include
the following options:
(1) Factor graph, a derivative of Bayesian network is often used
to model the target function in state estimation domain for
the reason that it enables us to solve the optimization problem with constraints [4, 32]. In a factor graph, the nodes
usually present the optimization target and the factors describe the constraints between two nodes. With a factor
graph, social relations could be modeled as a dynamic graph,
see figure 1, (a). Based on [19], more inherent properties of
factor graph could be used while modelling the social interaction, such as elimination (figure 1, (b)), which clusters and
reforms the factors between nodes to keep the graph sparse.
(2) New research idea relaid on reasoning the human behaviors
to predict the future has been proposed [18]. Using factor
graph, novel factors based on the reasoning could be used
to enlarge the capability of social modelling.
(3) Although the effectiveness of the pooling mechanism in
capturing the social interaction in sequential modelling has
been validated in previous work, modelling strategy of social behavior still needs to be discussed in the presence of
contextual information. As shown in figure 1, (c), apart from
the positions on trajectories having different state space,
also the contextual information could have different state
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spaces. A semantic map usually represents the geometric
and characteristic information of environment objects, while
the navigation map models the probabilities of locations to
be visited. As a result of larger state space, Formulating the
translation and causality from the trajectory and contextual
information makes it a problem in higher-dimensional space.
Normally, instead of learning the causality with all of these
information, attention-based mechanisms are used to weigh
different features in an implicit way. In our research, we also
rely on social attention, but different attention forms will be
modeled before a normalized fusion, which was proposed in
[36].
(4) Many concerns have to be addressed in integrating pedestrian trajectory prediction in motion planning of mobile
robots, especially the practical implementation on mobile
robots, whose computation resource is often limited. The
trade-off of prediction quality and efficiency will be discussed
in our research work. Within the application of modelling
social interaction for mobile robots, a socially-aware path
and motion planner will be proposed.

4

CONCLUSION

In this report, we reviewed the state-of-the-art approaches for pedestrian trajectory prediction. We also stated the necessity of modelling
the social interaction for robust motion and path planning. With
this conclusion, we presented our research interest and ideas to
solve this problem in the use-case of mobile delivery robot. In the future, the proposed ideas will be further implemented and evaluated.
We also plan to optimize the current motion planning algorithm
with pedestrian trajectory prediction as constraints and study their
suitability on real robot system.
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Figure 1: a: proposed factor graph, red star for factor of human-human interaction, blue star for factor of human-robot interaction, b: factor graph after elimination, c: considered feature extraction to model the social interaction, above: semantic grid,
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