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Abstract
Pedestrian behavior prediction is an essential task for automated driving (AD) systems. Research of this topic in recent
years has been primarily stimulated by significant achievements of deep learning (DL). However, few researches exploit
3D LiDAR point cloud data to include human body posture information while predicting the pedestrian’s behavior. In
this research, we aim to propose a novel approach which exploits 3D LiDAR point cloud data and uses pedestrian posture
information in addition to pedestrians’ history trajectories, social interaction, and scene information to identify possible
behavior patterns. DL methods heavily depend on the amount and quality of data that is used for training and validation.
Recently, Waymo has released a large-scale real-world dataset, which consists of 1,150 scenes that each span 20 seconds,
containing well synchronized and calibrated 3D LiDAR and 2D camera data with high quality labeled bounding boxes.
Our approach will be trained and evaluated on the Waymo Open Dataset. The results shall contribute to our European
research project SHAPE-IT1 that investigates the influence of human factor on the design and evaluation of AD.

1.

Introduction

Pedestrian behavior prediction is essential for automated driving (AD) systems as it can help Automated Vehicles (AVs)
to make better decisions and to prevent hazardous situations. As pedestrians are very agile that can change both their
direction and velocity without reducing the speed [1,2], it is difficult to reliably predict their intentions. Hence, much
work has been devoted to improve the pedestrian behavior prediction performance by deep learning (DL) methods.
Long-Short Term Memory (LSTM) networks have showed their ability on pedestrian sequence prediction tasks, and it is
adopted by many researchers to predict behavior sequences from pedestrians [3,4,5].
A camera is often a preferred sensor to predict the pedestrians’ intention [2]. However, cameras usually have a very
limited field of view and lack depth information. On contrast, 3D data such as point cloud data collected by Light
Detection and Ranging (LiDAR) can provide depth information as well as rich geometric and shape information [6],
which can improve the understanding of a pedestrian’s behavior during complicated traffic conditions. Besides, as the
image captured by cameras lack shape information, the postures of a pedestrian and people within their surroundings are
usually not taken into consideration when using camera data for training. For this reason, we propose a method that uses
LiDAR data as input, and to include the posture information of pedestrians.
In this research, we aim to design, implement, and systematically evaluate a network to predict pedestrian behavior by
using an LSTM-based network with LiDAR point cloud data. The posture information will be considered in our network.
A history-aware, context-aware, interaction-aware, and posture-aware trajectory prediction network is targeted. Features
are learned from raw point cloud data by our network instead of being designed manually. The proposed network will be
validated and tested on the largest released urban scenario dataset – Waymo Open Dataset [7]. Our focus area in this
research is to infer a pedestrian’s intention to cross the street and to predict their future trajectories.

2.

Related Work

LSTM-Based Trajectory Prediction: LSTM-based methods, an improved version of RNNs, are preferred by many
researchers for pedestrian trajectory prediction. Alahi et al. [3] proposed “Social LSTM” to predict pedestrian trajectories
by learning social interaction from network. Xue et al. [5] introduced scene information to the LSTM-based framework.
A combined attention model is applied over LSTM by Fernando et al. [4] that utilizes “soft” and “hard-wired” attention.
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However, these methods are all based on camera 2D image data and did not include pedestrians’ posture information.
Pedestrian’s Intention Prediction from LiDAR Data: Due to drawbacks such as illumination impacts and the lack of
depth and shape information, some researchers exploited the LiDAR data for pedestrian’s intention prediction. Volz et al.
[1,2] and Zhao et al. [8] tried to involve LiDAR data to predict pedestrians’ crossing road intention. However, these
approaches did not fully exploit the advantages of the sensor. For example, the shape information is not part of the
prediction. Besides, they only predicted the crossing intention, without forecasting the future trajectory of a pedestrian.
Datasets: High-quality, large-scale datasets are crucial for data-driven machine learning algorithms. KITTI [9] is a
widely used multi-sensor dataset, which comprises 389 stereo and optical flow image pairs, and over 200,000 3D object
annotations of synchronized LiDAR and stereo images. Recently, Waymo released a large scale, high quality, diverse
dataset [7], which consists of 1,150 scenes that each span 20 seconds, containing LiDAR and camera data labeled by 2D
and 3D bounding boxes and unique track ids. This diverse and abundant dataset attracted the attention in academia of 3D
detection and tracking and is used for our research.

3.

Methodology

In our research, 3D point cloud data is used to predict intentions and trajectories of multiple pedestrians simultaneously.
We are aiming at developing and evaluating a network structure that is: a) History aware: Inspired by SS-LSTM [5], we
consider using an LSTM-based approach to process history trajectories of pedestrians and predict their future behaviors.
The history trajectories for target pedestrians are labeled manually. b) Context aware: To involve the local scene context,
an additional LSTM network is used to process the context feature. Here we use a CNN feature extractor, which encodes
the scene feature from the bird-eye-view frame. c) Interaction aware: The influence of social neighborhood is also
considered for trajectory prediction. Soft and hard-wired attention [4] can be used to deal with the pedestrian of interest
and the neighbors in different distances. d) Posture aware: Human body pose can be important for predicting future
intention, since different postures of pedestrians usually indicate different behaviors. We can use a subnetwork to learn
the body pose feature of the pedestrian, and then the feature is fed into an LSTM network.
Currently, we are using the Waymo Open Dataset to perform Social-LSTM method to create a baseline of our developed
approach. The scene context and posture are then to be added into the network.
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Motivations for joining mentor sessions
The European research project “SHAPE-IT – Supporting the Interaction of Humans and Automated Vehicles: Preparing
for the Environment of Tomorrow” is a Marie Skłodowska-Curie Action (MSCA) Innovative Training Network (ITN)
project, which focuses on reliable development of safe and user-centered automated vehicles (AV) operating in urban
environments. As a part of the "SHAPE-IT" project, my research topic is "Classifying and Predicting Interactions
Between AVs and VRUs Using AI", which aims at using AI to better understand human behaviors. I would like to join
mentor sessions to get some valuable feedbacks from other experienced researchers, and to improve my research skills.
As a new PhD student started from this year, I am outlining my research plan for my PhD period:
The entire process about VRU behavior prediction usually includes: (a) obstacle detection (to detect obstacles from raw
sensor data), (b) tracking (associate the same obstacles of different timestamp), and (c) prediction (classify VRUs’
intentions and predict future trajectories). We are striving at developing an end-to-end method to directly predict
trajectories and intentions of pedestrians instead of solving several separate problems, because the cascade approaches
restrict the information that the behavior prediction module has access to, which may lead to sub-optimal solutions. There
are several kinds of sensors on a self-driving vehicle, e.g. camera, LiDAR, and radar. We plan to use multi-sensors, as
they can provide more information than only one sensor so that can be more accurate. To achieve the goal, we plan to
take several steps for the next coming years:
1) Using one sensor, e.g. 3D LiDAR, to design and develop the ML methods to predict the behaviors of pedestrians. The
inputs are manually labeled pedestrians’ history trajectories, as well as other information from the raw sensor data, and
the outputs are trajectories and intentions of pedestrians in the future.
2) Using one sensor, e.g. 3D LiDAR, to develop the entire end-to-end prediction process, including detection, tracking,
and prediction. The inputs are only raw single-sensor data, and the outputs are trajectories and intentions of pedestrians in
the future.
3) Fusing multi-sensor information, e.g. 3D LiDAR and 2D cameras, to develop the entire end-to-end prediction process,
including detection, tracking, and prediction. The inputs are raw data from multiple sensors, and the outputs are
trajectories and intentions of pedestrians in the future.
4) Including not only the information of the pedestrians and environments, but also the interaction with the ego-vehicle
and the VRUs.
Above are my current plans. Hope to have the chance to join the mentor sessions. I would be more than grateful to get
any feedbacks and comments about my research.

