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Abstract: There is a group of users within the vehicular traffic ecosystem known as Vulnerable
Road Users (VRUs). VRUs include pedestrians, cyclists, motorcyclists, among others. On the other
hand, connected autonomous vehicles (CAVs) are a set of technologies that combines, on the one
hand, communication technologies to stay always ubiquitous connected, and on the other hand,
automated technologies to assist or replace the human driver during the driving process. Autonomous
vehicles are being visualized as a viable alternative to solve road accidents providing a general safe
environment for all the users on the road specifically to the most vulnerable. One of the problems
facing autonomous vehicles is to generate mechanisms that facilitate their integration not only within
the mobility environment, but also into the road society in a safe and efficient way. In this paper, we
analyze and discuss how this integration can take place, reviewing the work that has been developed
in recent years in each of the stages of the vehicle-human interaction, analyzing the challenges of
vulnerable users and proposing solutions that contribute to solving these challenges.
Keywords: connected vehicles; pedestrians; automated vehicles; machine learning; deep learning

Citation: Reyes-Muñoz, A.;
Guerrero-Ibáñez, J. Vulnerable Road
Users and Connected Autonomous
Vehicles Interaction: A Survey.
Sensors 2022, 22, 4614. https://
doi.org/10.3390/s22124614
Academic Editor: Felipe Jiménez
Received: 16 May 2022
Accepted: 15 June 2022
Published: 18 June 2022
Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affiliations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses/by/
4.0/).

1. Introduction
According to the World Bank, since 2020 more than 56% of the world’s population live
in urban areas [1]. This agglomeration of people in urban areas causes serious mobility
problems. The World Health Organization mentions that the number of vehicles circulating
in big cities has increased uncontrollably, which means risks of more accidents, especially
for Vulnerable Road Users (VRUs), including pedestrians, cyclists, and motorcyclists,
among others.
Over the last decade, the automotive industry, along with research and development
groups, have focused on creating intelligent vehicles with self-driving capabilities, known
as connected autonomous vehicles (CAVs), which aim to increase the safety of passengers,
road users and at the same time to contribute to reduce traffic accidents, road congestion,
environmental pollution levels, etc. [2,3]. CAVs can detect and classify objects that are
close to them and can notify the driver and other road users about the situation. For
example, pedestrian detection state (pedestrians with intention to cross, pedestrians that
stops suddenly or start running), detection of a traffic signal, detection of objects on the
road, among others. CAVs can take real time control of certain operations with the aim of
avoiding accidents.
CAVs should interact with all the elements that make up the ecosystem, including
VRUs [4]. However, beyond the technical challenges related to automate driving, the
success or failure of this type of CAVs is closely related to their acceptance and social
integration within the vehicle traffic ecosystem.
In this review, we focus on analyzing the whole process of interaction between VRUs
and CAVs. First, we examine the operating principles of a connected autonomous vehicle
and explain the concept of VRUs. Secondly, we describe the technologies involved in the
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functionality are integrated into the functional architecture. This block coordinates the
communication and the transmission of emergency and notification messages that are sent
from the vehicles on board unit to the rest of vehicles, pedestrians and the road side units.
The vehicle will always be connected to the network using different radio interfaces. There
is an architecture that details how notification messages are broadcasted through platforms
such as 4G, WiMAX, etc. [18]. In addition, it is required to develop adaptive quality of
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service routing schemes that can quickly redirect traffic and alert notifications when the
established routes are no longer available. In [19] there is a general review about which
protocols, techniques and technologies would fit best for CAVs applications. The study
details technical aspects of Transmission, Quality of Service, Security, Location and there
is an in-depth analysis of the routing aspect, specifically focusing on which protocols are
the best option to communicate vehicles with different Road Side Units (RSUs). Authors
implemented a sensor technology and made different tests to analyze bandwidth limitation,
delays, etc. In this context, packet delivery ratio, bit error rate, delay and connection
duration have been analyzed in [20]. Some authors have discussed architectural issues and
wireless technologies that support inter-vehicular communication, discussing outstanding
challenges for enabling the deployment and adoption of inter-vehicular communication
technology and how to combine these technologies in a cooperative way to exploit the
advantages and cover the limitations of each of them [21–24].
CAVs will implement intelligent algorithms to select the data exchange interfaces.
The selection process involves different parameters such as the type of application to be
used (mission critical application, entertainment application, driver assistance application,
among others), the requirements of the application (bandwidth, minimum delay, percentage
of lost packets) and the level of quality of service that the network technology can offer [19].
2.2. Vulnerable Road Users (VRUs)
Within the areas of transport and road safety, the term vulnerable group has been
used to refer to a specific section of road users such as walkers and cyclists. According
to Ptak [25], the first time a similar term was used was in the 1950s, when it referred to
unprotected road users, who were later called VRUs. The term VRUs has become very
relevant in recent years in the transport and road safety environment. In 2013, the World
Health Organization used the term VRUs to include pedestrians, cyclists, and motorcyclists.
The United States Department of Transportation National Strategy on Highway Safety
defined the term VRUs as “road users who are most at risk for serious injury or fatality
when they are involved in a motor-vehicle-related collision. These include pedestrians
of all ages, types and abilities, particularly elderly children and people with disabilities,
bicyclists and motorcyclists” [26]. For the European Union’s Intelligent Transportation
System Directive [27], the term VRUs is specified as “non-motorized road users, such as
pedestrians and cyclists as well as motor-cyclists and persons with disabilities or reduced
mobility and orientation”.
The Organisation for Economic Co-operation and Development proposed the creation
of new categories according to their mobility and their ability to manage within the road
environment including all users who have minimal protection when circulating in vehicular
traffic areas and therefore can easily be injured or even killed in an environment dominated
mainly by vehicles [28].
In this survey, we classify VRUs in the following categories (Figure 4):

•

•

Distracted road users. They are the type of pedestrians walking in the road traffic
ecosystem, who are distracted by some extra activity they are doing. Gen-erally, the
activity they are doing may be using a cell phone, conversing with an-other person, or
thinking about something else.
Road users inside the vehicle. We refer to passengers of a CAVs or drivers of a
traditional vehicle. People into the car could be elderly or sick people who could suffer
an eventuality while traveling. Passengers/drivers can be continuously monitored
through Body Sensor Networks or through monitoring devices such as cameras or
sensors that are implemented in the steering wheel. These sensors al-ways verify the
driver’s conditions and can detect risk situations (fatigue, stress, distraction, among
others). On the other hand, passengers in a CAVs can also be monitored through
sensors implemented in the seats to detect physiological changes that lead to risky
situations.Kjh.
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3.3.CAVs
For CAVs to be a success, they will need to be always in direct communication with
For CAVs to be a success, they will need to be always in direct communication with
the different elements of the road traffic ecosystem. The interaction between the CAVs
the different elements of the road traffic ecosystem. The interaction between the CAVs
and the VRUs is of great importance since poor or deficient communication can have fatal
and the VRUs is of great importance since poor or deficient communication can have fatal
consequences. Communication is of great relevance because on the one hand, if the vehicle
consequences. Communication is of great relevance because on the one hand, if the vehicle
knows the intentions of the VRUs, then the vehicle could react and avoid a collision with
knows the intentions of the VRUs, then the vehicle could react and avoid a collision with
the VRUs that could cause severe damage to the VRUs, up to and including loss of life. On
the VRUs that could cause severe damage to the VRUs, up to and including loss of life.
the other hand, if the VRUs knows the intentions of the CAVs, then the VRUs may react
positively and more confidently to be able to, for example, cross the road.
The traditional process of interaction between the pedestrian and the driver of a
vehicle is carried out through non-verbal communication, including facial gestures, eye
contact, hand signals and even sounds [29,30]. This informal language indicates the actions
to be taken by the vehicle (stop and give way to the pedestrian, continue driving, etc.),
and the actions to be taken by the pedestrian (stop, cross the street) to avoid a possible
eventuality [31]. However, with the addition of CAVs to the streets, the entire interaction
process will change as automation levels advance [32].
The vehicular traffic ecosystem will start to become a hybrid environment where
traditional vehicles (non-automated and non-connected), semi-autonomous vehicles, CAVs,
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Objectdetection.
detection.This
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theCAVs
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to be
be able
able to
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perform
Object
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navigation.
The
CAVs
detects
all
types
of
objects
within
its
driving
environautonomous navigation. The CAVs detects all types of objects within its driving environment. Based on the number of objects, it will set a guideline to calculate its possible future
ment. Based on the number of objects, it will set a guideline to calculate its possible future
trajectory. For this it will make use of a set of sensors (such as LiDAR, cameras, radar, and
trajectory. For this it will make use of a set of sensors (such as LiDAR, cameras, radar, and
Global Positioning System) that will allow it to detect objects, their position, their distance
Global Positioning System) that will allow it to detect objects, their position, their distance
and keep track of objects (moving and stationaries) [35].
and keep track of objects (moving and stationaries) [35].
Object classification. Object classification is the phase that allows the vehicle to identify
Object classification. Object classification is the phase that allows the vehicle to ideneach type of object being detected as the vehicle moves through the road traffic ecosystem
tify each type of object being detected as the vehicle moves through the road traffic eco(such as pedestrians, traffic lights, road signs, walkways, and much more). In addition
system (such as pedestrians, traffic lights, road signs, walkways, and much more). In adto classifying them you need to know the exact distance between itself and each object
dition to classifying them you need to know the exact distance between itself and each
around it.
object around it.
Intention prediction. This stage refers to predicting the behavior of the VRUs so that
the CAVs can redesign its trajectory and actions to prevent accidents. Intent identification
of a VRUs allows to classify its activities to predict, for example, whether a pedestrian will
cross the street or stop for a vehicle to pass [36].
Trajectory and tracking. Trajectory prediction is one of the essential components to
increase VRUs safety. Through this prediction the CAVs estimates the future state of each
of the moving elements within the road driving environment. The objective is basically to
anticipate the next action through the analysis of previous actions. This will increase safety
for VRUs.
Communication. Communication is focused on how the CAVs will let the VRUs know
of its intent to move. In the absence of such non-verbal communication with the driver,
alternatives need to be sought for the exchange of information between the CAVs and
the VRUs.
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3.2. Technologies for Interaction between CAVs-VRUs
The CAVs-VRU interaction process involves several technologies such as a driving
assistance system to reduce the risk of accidents and to reduce the percentage of human
error [37].
3.2.1. Sensing Technology
For CAVs-VRU interaction, advanced sensors are used to detect movement and thus
reduce the risk of accidents. The heterogeneous sensing mechanisms are integrated into the
On board Unit of the vehicles to generate a robust data acquisition system that is interconnected through different communication media such as Local Interconnect Network (LIN),
Controller Area Network (CAN), Media Oriented Systems Transport (MOST), Low-Voltage
Differential Signalling (LVDS), Ethernet, among others. Each link used for interconnection
has different characteristics. Local Interconnect Network (LIN) is a unidirectional bus that
has a transmission capacity of 20 Kbps and is used to connect sensors and actuators to
Electronic Control Units (ECUs). LIN uses a single cable connection and the maximum
transmission distance between two ECUs is 40 m.
CAN is a bus based on message protocols for the interconnection of controllers and
devices in order to establish communication between them. CAN buses are classified
into high-speed, which achieves communication speeds of up to 1 Mbps, and low-speed
fault-tolerant with speeds of up to 125 kbps and transmission distance up to 40 m. Flexible
Data bus is a variant that can be transmitted at different data rates by varying the message
size. It achieves transmission speeds 8 times faster than traditional CAN.
MOST (Media Oriented Systems Transport) is a standard for high-speed interconnection of multimedia components in vehicles. MOST uses a ring topology, performing
one-way transfer within the ring and transmits data via light pulses. It uses synchronous
data transmission to exchange audio, video and data signals via optical fiber or electrical
conductor. MOST provides a data-rate of 25 up to 150 Mbps using optical fiber in a shared
ring topology.
Automotive Ethernet is a bus used to transport a large amount of data in real time
with very low latency. Automotive Ethernet uses a point-to-point network technology and
defines the 100Base-T1 standard to achieve transmission speeds of 100 Mbps. Currently, a
new task force, called 802.3cy, is working on the development of the automotive PHY layer
standard for 25, 50 and 100 Gbps.
Low-Voltage Differential Signalling (LVDS) is a transmission system based on inexpensive media, such as twisted pair that transmits signals at high speeds. This standard
specifies only the physical layer. It is used for high-speed video, graphics, and video camera data transfer. Its speeds of 655 Mbps have made it a viable alternative for connecting
self-driving vehicle camera systems.
Gigabit Multimedia Serial Link (GMSL) serializer and deserializers are high-speed
communication interfaces that support high bandwidth requirements, complex interconnections, and data integrity that are applied in ADAS and infotainment systems. It uses
a point-to-point connection with support for 4K video. In general, it operates through a
serializer on the transmitter side to convert the data to a serial stream and implements a deserializer on the receiver side to convert the serialized data to a word format for processing,
reaching transmission speeds of up to 6 Gbps. You have transmission distances of around
15 m.
Table 1 shows a summary of the different communication media used in cars for the
interconnection of their devices.
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Table 1. Summary of autonomous vehicles’ communication media.
Media

Description

Transmission Speed

Usage

Distance

Up to 40 m

LIN

Single-wire unidirectional bus

20 kbps

This media connects sensors
and actuators to ECUs. This
media is used in applications
such as cruise control, position
sensor control, temperature
control, sunroof,
among others.

CAN

bus based on a
message protocol

High speed up to 1 Mbps.
Low speed 125 kbps

It is used for controller and
device communication
without the need for a
computer host.

Up to 40 m

CAN FD

A variant of CAN that uses
flexible data

8 Mbps

Used in communications with
sensors at different
transmission rates.

Up to 40 m

MOST

A standard used for
interconnection of multimedia
components that uses a ring
topology, performing one-way
transfer within the ring and
transmits data via light pulses.
Up to 64 devices can be
connected to the network

From 25 up to 150 Mbps
using optical fiber.

Used for audio and video
applications in or out of the
car. Most is the best
transmission and multimedia
control network most widely
used in automotive electronics.

Up to 40 m

LVDS

Transmission system based on
twisted pair, that transmits
signals at high speeds.

655 Mbps.

A viable alternative for
connecting self-driving vehicle
camera systems.

15–20 m

GMSL

High-speed communication
interfaces that support high
bandwidth requirements,
complex interconnections, and
data integrity

Up to 6 Gbps

Used for ADAS and
infotainment systems. It uses a
point-to-point connection with
support for 4 K video.

Using shielded
twisted pair (STP) or
coax cables of up to
15 m

Sensors are interconnected to small electronic control units that control each of the
different functions that the CAVs must execute to perform the self-driving process. One of
the key points of the interconnection of the different elements of the CAVs is its topology.
In-vehicle network architecture models there has been a migration from an architecture
model based on a central multi-bus gateway to a functional domain controller architecture
model (Figure 6) that performs all functions with more few ECUs [38]. In this architectural
model, the ECUs are relocated within a functional domain, and a series of updates are
applied to them to adapt them to the new vehicle features. However, in recent years, a new
architectural model is being worked on, where ECUs are viewed as generic computing
units used to perform functions that demand high processing requirements (such as object
detection and classification, object intention and trajectory prediction, among others zonal
ECUs are used to perform traditional ECU functions according to vehicle characteristics.
For the vehicle to interact with the other elements of the environment it needs to “see”
everything around it. That ability of the vehicle allows it to detect and recognize all the
elements within its driving environment (other vehicles, traffic signs, VRUs, to name a
few) [39]. A series of sensors installed inside and outside the CAVs are used to collect
all the information from its environment. These sensors are used in a complementary
manner to increase the accuracy of object recognition [40]. All the information collected
by the sensors is analyzed to construct the route that the vehicle will use to move from
point A to point B, and thus send a series of instructions to the vehicle’s control systems
(braking system, acceleration system, steering system). According to a report presented
by the company YOLE Développement (Villeurbanne, France), there are three types of
sensors that dominate the autonomous vehicle market: LiDAR, image sensors and RADAR
sensors [41].
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transmitted through space until they collide with an object and are reflected back to the
transmitter. With this information, the details of the object can be calculated. RADAR
sensors operate at different frequencies (24, 74, 77 and 79 GHz), which allows them to work
at different ranges [47]. Ranges used in RADAR have different functions:

•
•
•

Short-range radars are used in functions such as blind-spot monitoring, lane-keep
assistance, and parking assistance.
Medium-range radars are implemented for obstacle detection functions within the
range of 100 to 150 m and the beam angle varies between 30◦ and 160◦ .
Long-range radars are used for automatic distance control and brake assistance.

The advantages of RADAR sensors are: (i) their robustness of operation even in
unfavorable conditions such as snow, clouds, fog, allowing them to collect data from the
environment without being affected in its performance [48], (ii) they provide the exact
distance of an object due to the use of electromagnetism, (iii) they allows to calculate the
speed of displacement of a moving object, which complements the data of the object’s
position and its possible trajectory, (iv) they have the ability to simultaneously target several
objects, since its radio signals operate over a wide area, which allows it to collect data
from several objects simultaneously, (v) since different return angles of the signals can be
received, a 3D image of the environment can be generated, (vi) their cost is lower compared
to other sensors.
The disadvantages of this type of sensors are: (i) Time to target an object is not so
efficient, due to the time it takes for the signals to reach the object and return to the
transmitter, (ii) the range or coverage of this type of sensors is shorter (200 feet) compared
to other sensors such as LiDAR, (iii) they can suffer interference from other signals traveling
through space, altering the data transmitted, (iv) they cannot identify the type or the shape
of the object correctly, (v) these sensors can only detect objects that are within their line of
sight, if an object is hidden by another object, the sensor cannot detect it and therefore will
not be able to react quickly.
Vision sensors (cameras) facilitates that automated vehicles detect pedestrians, objects
and read traffic signs [49]. Cameras will scan the road, processing information about what
they see and responding to an obstacle in its path. To process the information, cameras
will have a software architecture that combines conventional image-processing algorithms
with AI-driven methods and embedded it on a high-performance system-on-chip with an
integrated microprocessor.
Vehicles will have a system of cameras covering all viewing angles to provide a
360◦ panoramic view of the external environment, facilitating the detection of VRUs and
surrounding traffic conditions.
Cameras are classified as visible or infrared. The former can be monocular [50] or
stereo [51]. Monocular cameras use a single camera to create a series of images, but they
cannot capture depth information. However, using dual-pixel autofocus hardware and
image processing algorithms, depth can be calculated in the image [52,53]. In autonomous
vehicles, two such cameras are usually installed to create a binocular camera system. Stereo
cameras are more similar to the depth perception behavior of the animal eye. These cameras
use two image sensors separated by a suitable distance known as the baseline. The authors
in [54] mention in their study that the baseline used by autonomous vehicles is 75 mm.
The disparity produced by the two cameras allows calculating the depth within the image.
Cameras capture wavelengths between 380–780 nm, which is the wavelength range of
visible light. Ordinary camera sensor chip perceives areas that are invisible to the human
eye. The active night vision cameras are sensitive to near infrared (800–1000 nm). Then
when the filter technology is used to filter out the visible light, what the camera sees should
be an image composed of infrared radiation [55]. Those cameras are less susceptible to
variations in illumination or drastic changes in illumination [56]. Higher range, resolution
and field of view pose many challenges to overcome with new electronic device innovations.
Automotive sensor integration technology would require to have video processing units
integrated in the on board unit of the vehicle (it requires a deep analysis of bandwidth
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resources, delay, jitter, etc.) or to transmit large amounts of high-resolution digital video
data over single data lines such as GMSL. The advantages of this type of sensors are: (i) easy
distinction of shapes, and faster identification of the type of object based on the information
collected, resembling the capacity of a human eye, (ii) high resolution for the detection of
objects, (iii) its cost is not high compared to LiDAR, (iv) when complemented with infrared
illumination it has a better performance in night driving.
According to the strengths and limitations of each of the sensors, the authors in [57]
made a comparative analysis of the sensors used in autonomous vehicles. Table 2 presents the
summary of the different characteristics of the most used sensors in the automated vehicles.
Table 2. Summary of autonomous vehicles’ sensors features.
Feature

LiDAR

RADAR

Camera

Primary technology
Range
Data rate
Resolution
Affected by weather conditions
Affected by lighting conditions
Detects speed
Detects distance

Laser light pulse
∼200 m
20–100 Mbps
Good
Yes
No
Good
Good

Radio wave
∼250 m
0.1–15 Mbps
Average
Yes
No
Very good
Very good

Light
∼200 m
500 Mbps in high resolution
Very good
Yes
Yes
Poor
Poor

Each type of sensor has its strengths and weaknesses, and sensor fusion is used to
obtain more accurate results in automated driving systems. Sensor fusion is the process of
taking the data collected by different types of sensors to better interpret the environment
around the vehicle. Through the data from each sensor, sophisticated algorithms, known
as fusion algorithms, determine more precisely the position of each of the objects located
within its driving zone. The fusion algorithms use a prediction equation and an update
equation to estimate the kinematic state of the objects.
The equations use two models for their calculations. The motion model is focused on
the motion dynamics of the object, while the second model, known as the measurement
model, focuses on the dynamics of the sensors implemented in the vehicle. By applying the
two equations, the exact position information of each object is obtained.
The prediction equation integrates data from previous predictions and the motion
model calculates the current state of the vehicle. The update equation combines data from
the sensors and the measurement model in order to update the prediction state. Thus, at
the end of the process, a range of possible state values is available.
In [58], Cotra provides two equations that describe a motion model that represents
the knowledge about the dynamics of the object. The motion model uses a deterministic
function f() and a random variable qk − 1 . Thus, the state xk is a function of the previous state
xk − 1 and a random motion noise qk − 1 , which is stochastic (Equation (1)). The measurement
model is formulated as a deterministic model that receives the current state xk as well as a
random variable representing the measurement noise of the sensor type rk (Equation (2)).
Combining the two models yields a density called posterior distribution over the state,
and a region of values for xk can be described from all observed values. The prediction
(Equation (3)) and update (Equation (4)) equations are computed to express density.
xk = f (xk−1 , qk−1 )

(1)

yk = h (xk , rk )

(2)

p (xk |xk−1 )p (xk−1 |y1:k−1 )dxk−1

(3)

P (xk |y1:k ) = p (yk |xk )p (xk |y1:k−1 )/p (yk |y1:k−1 )

(4)

p (xk |y1:k−1 ) =

Z

In [59], the authors explain that there are different modalities in which sensor fusion
can be performed. In High Level Fusion each sensor performs object detection, tracking
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functions and finally fusion. This type of fusion is used because of its low complexity;
however, it may present inadequate information due to object overlapping. Mid-level fusion
integrates multi-target features (such as color, location, among others) that are obtained
from each of the sensors and with these data performs the recognition and classification
process of the fused features. Finally, low-level fusion integrates data from each sensor
type at the lowest level of abstraction, which improves the accuracy of object detection.
In [60], authors present a series of the most commonly used algorithms for sensor fusion, classifying them into four categories: (i) based on the central limit theorem, (ii) Kalmar
filters, (iii) based on Bayesian networks and (iv) based on convolutional neural networks.
Algorithms based on the central limit theorem focus their operation on the argument
that as the sample size of any measurement increases, the average value will tend to a
normal distribution. Thus, as more samples are obtained from the sensors, an average
value of the set will be obtained, and therefore less noise will be present in the sensor fusion
algorithms [61,62]. Kalman filter uses input data from different sensors and estimates
unknown values without being seriously affected by high levels of noise in the signal. This
type of algorithm is applied in the process of pedestrian detection and trajectory prediction,
basing its operation on a series of predictions and state updates [63–65]. Bayesian networks
are applied in the update equation used in sensor fusion, which integrates the measurement
and motion models. Bayesian networks are applied in real-time navigation processes in
advanced driver assistance systems [66,67]. Deep learning-based algorithms perform the
processing of raw data from the different sensors and in this way extract the features that
allow it to perform intelligent driving tasks such as pedestrian detection [68–70].
3.2.2. Software Technology
Artificial Intelligence (AI) has become the core for the development of self-driving
systems. AI refers to the effort to replicate or simulate human intelligence in machines
so that they can perform tasks that are so far only performed by humans (such as visual
perception, speech recognition and decision making). Through AI, machines learn based
on the experience they acquire, adjust themselves according to that learning and can thus
perform tasks similar to humans. AI automates learning by making use of data, performing
a deep analysis of data, and making accuracy.
In the self-driving environment, different technologies such as machine learning, deep
learning, and computer vision are commonly applied.
Machine Learning and Deep Learning
Machine learning (ML) is being applied in advanced driver assistance systems (ADAS)
such as (i) object detection, (ii) object identification and classification, (iii) object localization
and motion prediction. ML is divided into three categories: supervised learning, unsupervised learning, and deep learning. Supervised learning is based on the use of labeled data
used for knowledge generation and within which the results of the operation are previously
known. By means of these results, the model learns and adjusts so that it can adapt to new
data that are introduced to the system. Unsupervised learning makes use of unlabeled
data whose structure is not known. The objective is to obtain important information of
which the reference of the output variables is not known. Finally, reinforced learning builds
models that increase performance using each of the results of the interactions.
For the different types of ML to be executed, a series of algorithms need to be implemented. ML algorithms can be classified into four categories: regression algorithms,
pattern recognition, cluster algorithms and decision matrix algorithms. Table 3 shows the
characteristics and uses of each of the algorithm categories.
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Table 3. Summary of Machine Learning algorithms categories.
Category

Regression

Patter recognition

Cluster

Decision matrix

Usage

Description

This type of algorithm is used for
autonomous vehicles for event prediction
such as collisions, trajectory prediction.

The algorithms focus on establishing a method
to define the relationship between a set of
variables (which represent the characteristics)
and a continuous target variable. Examples of
such algorithms being applied in self-driving
systems include Bayesian regression [71],
neural network regression [72] and decision
forest regression [73].

This type of algorithm is used for CAVs
for the object classification such as
pedestrians, vehicles,
cyclists, traffic signals.

This type of algorithm is used to perform data
filtering to recognize instances of a category of
objects by discarding irrelevant data points.
They focus on reducing the data set through
edge detection and fitting line segments and
circular arcs to edges. These features are
combined to define the object features to be
recognized. The most applied recognition
algorithms in Advanced Driver Assistance
Systems (ADAS) are support vector machines
(SVM) with histograms of oriented
gradients [74] and principal component
analysis (PCA) and Bayes’ decision rule [75]
and k-nearest neighbor [76].

This type of algorithm is implemented in
autonomous vehicles for object
classification and detection.

This type of algorithm groups data to discover
its characteristics. It is generally used in
situations with little data, with discontinuous
data or with very low-resolution images. To
solve this problem, it generates “center points”
and a series of hierarchies that allow it to
discover a series of common characteristics.
Among the most used algorithms are K-Means
[77], K-Medians [78] and Hierarchical
clustering [79].

The main use of this type of algorithms in
autonomous vehicles is decision making.

The structure of this model focuses on a set of
independently trained decision models,
combining their predictions to generate the
overall prediction, thus reducing the
probability of errors in decision-making. Some
examples of this type of algorithms are
gradient boosting [80] and AdaBoosting [81].

Deep Learning (DL) is a branch of Machine Learning that is based on a multi-layered
model that is used for feature extraction as well as for representation learning at various
levels of abstraction [82]. DL makes use of a concept called Artificial Neural Networks
(ANN). ANN is a series of learning algorithms that are based on the functioning of the
human brain to learn a huge amount of data. Within ANN, the primary element taken as a
basis is known as the neuron, which represents the fundamental unit of the DL model [83].
The interconnection of these neurons to form a processing layer is called perceptron [84].
Its basic operation consists of performing a task repeatedly with the objective of improving
the result. For this purpose, it uses “deep layers” for progressive learning to take place.
The overall operation of DL is composed of two stages known as training and inference.
The training phase focuses on performing labelling on a large amount of data to determine
the adaptive properties. On the other hand, the inference phase oversees labelling new
unseen data, making use of previously acquired knowledge. This method helps the complex
vehicle perception tasks to be performed with the highest accuracy. In addition, DL is also
known as deep structured learning as it consists of a set of interconnected layers, where the
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Computer Vision
Computer Vision
Computer vision is a subfield of ML focused on implementing the ability to “see” in
Computer vision is a subfield of ML focused on implementing the ability to “see” in
machines to understand the surrounding environment. Using data acquisition systems
machines to understand the surrounding environment. Using data acquisition systems
such as cameras and sensors, a set of tools process and analyze images of the real world,
such as cameras and sensors, a set of tools process and analyze images of the real world,
which contributes to the automation of the driving process. They make use of artificial
which contributes to the automation of the driving process. They make use of artificial
intelligence algorithms to decode the images to help them recognize shapes, figures, and
intelligence algorithms to decode the images to help them recognize shapes, figures, and
patterns in the images.
patterns in the images.
One of the applications of computer vision in self-driving systems is object detection.
One of the applications of computer vision in self-driving systems is object detecThis process consists of two steps: classification and localization. On the one hand, classition. This process consists of two steps: classification and localization. On the one hand,
fication is performed by training with Convolutional Neural Networks (CNN) to recogclassification is performed by training with Convolutional Neural Networks (CNN) to
nize and classify objects. On the other hand, localization is applied by using non-max suprecognize and classify objects. On the other hand, localization is applied by using non-max
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ubiquitous situation awareness support. The first step is to determine what kind of infor-of
information has to be made artificial or augmented. Second step in the situation awareness
mation has to be made artificial or augmented. Second step in the situation awareness
support will be the design of interfaces to help VRUs to understand the CAVs context
support will be the design of interfaces to help VRUs to understand the CAVs context
information such as the dynamics from approaching vehicles or systems to navigate traffic
information such as the dynamics from approaching vehicles or systems to navigate traffic
situations. The AR information could be available with a multitude of mobile pervasive
situations. The AR information could be available with a multitude of mobile pervasive
and context-aware applications. For example, (a) the pedestrian could be presented with
and context-aware applications. For example, (a) the pedestrian could be presented with
safety corridors related to which vehicles will stop for them, (b) road specific alerts that a
vehicle is approaching, (c) highlighting hazards considering blind people, elderly, children,
etc., (d) CAV’s interfaces to predict the influx of pedestrians at schools, metro, etc. in
order to find alternative routes, (e) VRUs could have information not just about the CAV’s
intention to stop but also about where it intends to stop, (e) and in addition, there are
some proposals [88] such as an augmented traffic light in the form of a virtual fence to stop
pedestrians from crossing a vehicle lane.
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AR hybrid approaches should be proposed to consider different smartphones, wearables, glasses, and user devices. Even, the possibility that some VRUs will not use any kind
of device, so the information should be also available in the road site units, infrastructures
or from the vehicle itself.
4. Stages for CAVs-VRU Interaction
Within the literature, different works can be found that contribute to solve each of the
scenarios or stages of the interaction between CAVs-VRU.
4.1. Object Detection and Classification
The first phase of the CAVs-VRU interaction process is object detection and classification. For the CAVs, this is a primary task as it helps it to identify everything around it. The
idea of this task is that the vehicle perceives everything around it in a very similar way to
what the human eye does when the driver performs the driving task [89]. This will allow
the intelligent control systems implemented in the CAVs to learn and take action [90].
One of the problems faced by object detection within the autonomous driving model
is the high demand for processing large amounts of data, which places high performance
requirements on the algorithms [91].
For obtaining object features, the algorithms used within the autonomous driving
environment have been classified into two categories: (i) Machine learning algorithms
using artificial features and (ii) deep learning algorithms based on features by convolutional
neural networks.
Machine learning algorithms focus on feature extraction and classifiers [92]. For feature
extraction, techniques such as Histogram of Oriented Gradients [93–100], Local Binary
Pattern [101–107], Deformable Part Model [108–113], and Aggregate Channel Feature
(ACF) [114–118] are included. On the other hand, methods such as Support Vector Machine
(SVM) [94,105,119–122], Decision Tree [123–126], Random Forest (RF) [127–132] and AdaBoost [81,119,133,134] are used for the classification process.
Within deep learning techniques, one of the best performance algorithms for feature
extraction is CNN.
CNN is a DL architecture that has proven to have excellent results when applied to
image classification, resulting in classification rates of up to 100% accuracy [135]. CNN’s
operation can be explained as follows. Successive perceptrons learn complex features in a
supervised manner by propagating classification errors. Finally, the last layer represents
the category of the output images [136,137]. Recall that being DL-based, no prior training
module is used, but everything is carried out implicitly through supervised training,
avoiding manual feature extraction [137].
Deep Learning based algorithms for VRUs detection are divided into two categories:
(i) region proposal algorithms, (ii) regression-based algorithms. Region-based algorithms
focus their operation on two processes. First, it generates candidate regions where it is
expected to contain the object to be detected, this is accomplished by means of region
recommendation algorithms. Subsequently, applying the CNN, the final detection box
is obtained. In this category, one of the most widely used networks for VRUs detection
is known as Region-based CNN (R-CNN). R-CNN combines regions and CNN features.
It has two stages: (i) the first one identifies a number of regions that tentatively could
contain the object to be identified (they are called region proposals) and (ii) classify the
object in each proposed region. In [138], the authors apply CNNs to detect pedestrians in
situations of dark environments or illumination variation, showing that by using multiregion features they obtain better results in detection accuracy. In [139], authors proposed
an algorithm with R-CNN and applied it to pedestrian detection. Their results proved that
the region proposals generated by their method are better than the selective search. Fast
R-CNN is a variant of R-CNN, but the main difference is that it takes as input the complete
image and a set of proposed objects and thus produces a feature map. Subsequently for
each object proposal, a layer containing a set of regions of interest generates a feature
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vector of the feature map. Within the literature, there are several works that apply R-CNN
for the detection of VRUs [140,141]. Faster R-CNN is an enhancement of Fast R-CNN
that adds a region proposal network with the objective of generating region proposals
directly and not using an external algorithm. This results in a faster generation of region
proposals, which better fit the data [142]. Several works where Faster R-CNN is applied
focus on solving the problem of occlusion of VRUs detection in natural scenarios [143–145],
small object detection [144,146]. Authors in [147] presented a solution where they apply
a variant of CNN, known as Mask Region-based CNN and instance segmentation was
used to detect pedestrians crossing the streets, showing results of over 97% accuracy in the
detection process.
Regression-based algorithms do not use the concept of region. Instead, the input
image is only processed once, and both the category and the target border can be regressed
on multiple image positions [143]. The most representative algorithms in this category
are YOLO (You Only Look Once) [141], SSD (Single-Shot MultiBox Detector) [148] and
RetinaNet. The authors of [149] proposed a method where they apply a CNN to the whole
image, dividing it into multiple regions, improving the speed of detection, a feature of
utmost importance to avoid risky situations [150]. This work underwent some improvements by applying YOLO2 [151] and YOLO3 [152], providing a balance between speed
and accuracy in the detection of VRUs. Authors in [153] propose a loss function to improve
sample classification during the training process in order to solve the problem of sample
imbalance, which generates a poor detection result. YOLO version 4 was proposed in
2020 [154] as an efficient alternative for pedestrian detection due to its advances in accuracy
and real-time processing performance [130].
4.2. Intention Prediction
The intention prediction is related to the actions that the VRUs will take in a short
period. For example, when a pedestrian wants to cross a street, some signals it provides are
key to identify its intention, such as turning its head to be able to identify if any vehicle is
approaching the crossing. They, upon identifying that a vehicle is approaching the crossing,
stop and do not cross. This identification of intentions is a key element in the CAVs-VRU
interaction. Some work is focusing on the use of past and current information for intention
prediction by VRUs through different neural network architectures [155]. Some works have
proposed a dataset based on pedestrian trajectory data generated from the driver’s point of
view to study the pedestrian intention prediction field [156,157].
In [158], the authors mention that methods for predicting pedestrian intention fall
into two groups: (i) methods that approach the problem as a trajectory prediction issue
with the objective of creating a route and identifying whether that route will cross the
street [159–161] and (ii) methods that solve it as a binary classification problem that results
in the pedestrian intention [162–165].
Those focused on trajectory prediction use neural networks to predict the individual
trajectory, assuming a prior conversion from image coordinates to real world. They are
generally applied to model interaction between people or between people and environment.
Some proposed works incorporate scene information in the predictive models, taking into
consideration that trajectories remain within the driving environment [166,167].
In [168], a model based on the clustering of the hidden states of all people within
a neighbourhood is proposed. This work is improved in [169] by defining an attention
mechanism that assigns a weight to each element participating within the driving environment based on its proximity. However, according to [158], this type of model suffers from
several limitations such as the need for moving cameras to obtain a complete view of the
scenario, which can cause errors in the accuracy of the trajectories. They do not make use
of pedestrian pose information, which they say is a weakness because it is an important
indicator of intent. In addition, by requiring multiple frames, it introduces significant
delays in predictions.
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Binary classification is the simplest method within the ML environment. It consists
of categorizing the data points into two possible alternatives: for example, the pedestrian
crosses the street or does not cross the street. These methods work based on two types of
models. The first models use RGB inputs where they apply filters that either slide along
the height and width (2D convolutions) or even add temporal depth (3D convolutions).
Some papers using the 2D convolution model use Long Short-Term Memory (LSTMs) or
feature aggregation over time to propagate information across time [170]. Other work uses
3D CNN and LSTM [164,171] to generate two feature vectors, based on a single pedestrian
snippet input, which are concatenated for classification [172]. There are other methods that
work directly with the skeleton of the individual [173,174] to reduce the amount of data
(e.g., 17 joints of the skeleton compared to 2048 feature vectors), which results in a lower
probability of readjustment.
4.3. Trajectory and Tracking
Trajectory prediction and tracking are two indispensable tasks within the CAVs-VRU
interaction phase. Trajectory prediction targets where objects will be in the immediate
future. This point is important because it can be noted that we do not have data collected
by the sensors to corroborate the results obtained. What is used is past data to predict
the future position as shown in [175,176]. On the other hand, object tracking focuses on
knowing where the object is currently located. Therefore, this process makes use of sensor
data that provide or support its current position.
In [177], the authors mention that there are two methods for trajectory prediction:
(i) linear model and (ii) nonlinear model. Within the first method, the motion of the
object cannot be accurately described [178]. Non-linear methods are based on data driven
algorithms [179].
According to [180], data-driven methods using neural networks perform better than
traditional methods. Some work adds the element of interaction between pedestrians within
the driving environment, (making use of human-human interaction feature extraction [181,
182], capturing the interactivity information between adjacent pedestrians [168]), to improve
the trajectory prediction process. Other work applies inverse reinforcement to perform
the pedestrian trajectory prediction process [183]. Other works such as [165,176,184,185]
integrate different factors such as speed, location, direction of the pedestrian’s head and
environmental into the process to predict intention and future trajectory.
Different variants of deep learning have been used for the trajectory prediction process.
The three most used architectures are: (i) recurrent neural networks, (ii) convolutional
neural networks and (iii) generative adversarial networks [186].
RNNs use a fully connected two-layer neural network within which the hidden layer
implements a feedback loop, allowing sequential data to be modelled more efficiently. Some
work uses the LSTM structure to learn pedestrian activity patterns and the environment
within a scenario over a long-term period [187–189], the human body pose [190], and the
influence of human [168].
CNN contains many convolutional, non-linearity, pooling, dropout, batch normalization, and fully connected layers. Based on the architecture used, the most significant
discriminative information is included, which allows for a better level of precision in the
identification of target objects. Authors in [191] proposed a model that uses a CNN fed with
different types of information (such as historical trajectory, depth map, pose, and 2D-3D
size information) that help it to better predict the trajectory of pedestrians. The problem
of prediction of complex downtown scenarios with multiple road users is addressed by
combining a Bayesian filtering technique for environment representation, and machine
learning as long-term predictor [192]. Other work uses convolutional neural networks
to predict average occupancy maps of walking humans even in environments where no
human trajectory data are available [193].
Generative Adversarial Network (GAN) uses competing generator/discriminator
architecture with the objective of reducing the fragmentation of conventional path pre-
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diction models and thus not computing costly appearance features. Compared to the
other architectures it is more lightweight and is being used to achieve multimodality in
trajectory prediction. Authors in [194] proposed a complete deep learning framework
for multi-person localization and tracking. The proposed method uses GAN for human
localization, which addresses the problems of occlusion and noisy detections by generating
human-like trajectories with minimal fragmentation. Other works address the problem
of the influence that pedestrians have on each other in determining the trajectory to be
followed. In order to determine the trajectory authors apply concepts such as socially aware
GAN, multimodal pedestrian behavior, scenario context, etc. [182,195]. GAN is also used
to perform the prediction sampling process for any agent within the scenario [196]. In [197]
there is a proposal that focus on possible failures and crashes of pedestrian trajectory with
a prediction of several seconds. The research implements, though info-GAN a cost function
to replace the L2 loss term.
4.4. Intention Communication Interfaces
Finally, the last phase of the interaction process is focused on how the pedestrian and
the vehicle will exchange information about intentions or actions. Several studies have
been conducted regarding the interaction between pedestrians and vehicles driven by a
human [198–200]. However, as the level of automation increases in vehicles, it will be
necessary to define mechanisms to replace the non-verbal communication currently used
by pedestrians with drivers.
Previous work has focused on the interaction between autonomous vehicles and
passengers [201–203]. However, as the objective is to generate a safe and efficient road
driving ecosystem, it is necessary to generate mechanisms that cover the CAVs-VRU
communication. The absence of a driver in an automated vehicle generates distrust in
pedestrians because they cannot know the intentions of the self-driving vehicle [204,205].
The new traffic ecosystem will require elements that provide a fluid, natural communication that emulates the actual, intelligent interaction between the CAVs and the VRUs
within their travel area, identifying their intentions and reacting to the actions they decide
to take. In addition, it should provide the VRUs with relevant information such as its
status and future behavior. With these two features in place, it will increase the safety and
efficiency of the road traffic ecosystem and increase the trust and acceptance of CAVs.
In recent years, human-computer interfaces, known as eHMI (external Human-Machine
Interface), which are placed on the outside of the vehicle, are being used as an alternative
solution for relevant communication and dissemination (such as speed or intention of
vehicle movement) to enable CAVs-VRU communication [206]. For the design of eHMI
interfaces, the type of information to be communicated by the interface must be taken into
consideration because it depends on several factors (such as simplicity, target audience,
how we want the target audience to find out). In [197] author classifies the information in
three categories: driving mode, intention and perception.
The driving mode is an important type of information, because as long as the vehicle
is not fully automated, it is of great relevance to indicate to other users whether the vehicle
is controlled by a person or by computers.
Intention is another relevant type of information since it will set the tone for the
action that the pedestrian might execute. That is, as a vehicle and a pedestrian approach
an intersection, it would be helpful for the vehicle to indicate to the pedestrian that it
has already detected the pedestrian and that it will stop so that the pedestrian can cross
the street safely. Finally, the perception of everything around the vehicle is important as
a form of collaboration with other vehicles to avoid a risky situation for the pedestrian
(for example, the non-detection of the pedestrian due to an obstacle that does not allow
the sensors to detect it). There are still many doubts about the type of information that
should be shared, but beyond that, the question that also arises is how the eHMI should be
designed to communicate the information to the VRUs.
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Visual Interfaces. This technology focuses on communication through interfaces
Visual and Acoustic interfaces. These interfaces are simply an extension of the visual
that allow the display of information. The most used interfaces are screens (Figure 8a),
interfaces, including within their communication mode acoustic signals with the objective
LED strips (Figure 8b), holograms, or projections (Figure 8c). Displays are used to show
of extending the transmission of the message to people with visual impairments (Figure
messages through text or icons. Generally, the displays are placed at the front or rear of
8d). We must remember that this is not new, as this type of interface has been used for
the vehicle; however, they can also be placed on the sides to cover the notification in all
years in traffic light systems. In this way, although the vehicle will display the message
directions. The messages displayed can be of intent such as “cross” or “stop”, or more
elaborate messages such as “after you”. In addition, you can make use of iconography to
indicate that you have been detected and what intention the vehicle has (stop, do not stop,
etc.) [208–211]. On the other hand, there are the LED strip interfaces, which are placed on
the windshield or on the grill of the vehicle and work as a kind of traffic light to indicate
to the VRUs the action to follow (stop, move forward, among others) [212]. Hologram
or projection interfaces use lasers to project relevant information (using text messages or
icons) onto the road surface.
Visual interfaces can also be used to communicate with hearing-impaired pedestrians. Using displays, the autonomous car could communicate with people through sign
language [213,214].
Visual and Acoustic interfaces. These interfaces are simply an extension of the visual
interfaces, including within their communication mode acoustic signals with the objective
of extending the transmission of the message to people with visual impairments (Figure 8d).
We must remember that this is not new, as this type of interface has been used for years
in traffic light systems. In this way, although the vehicle will display the message on
the screen, it will also include clear and concise verbal messages, for example “safe to
cross” [215,216].
Anthropomorphic interfaces. This type of interfaces makes use of human characteristics to carry a communication that gives the VRUs a greater security to perform the actions.
Specifically, efforts have been made to simulate eye contact with pedestrians (something
that is currently used within the non-verbal language used in pedestrian-driver interaction).
For this purpose, object detection and identification technologies and the use of an interface
that shows the “eye movement” of the fake driver are integrated (Figure 8e). The idea
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of this interface is to be a more intuitive form of communication than the VRUs is used
to [217,218]. Within this concept of interfaces, Jaguar Land Rover has generated a prototype,
called “virtual eyes”, which aims to understand the level of acceptance that humans will
have in relation to self-driving vehicles. The vehicle has implemented cartoon-like eyes,
which are used to interact with humans in the road traffic ecosystem. Through eye contact
with pedestrians, it notifies them that it is watching out for them [219].
From the VRUs’ point of view, efforts have been made to establish interaction directly from the pedestrian to the car. The cellular device is being used as a viable tool
for pedestrian-to-car communication. One effort focuses on using the cell phone to share
location data of both the car and the pedestrian through P2V (pedestrian-to-vehicle) communication mode [220,221]. The application performs calculations to establish the risk
zone and thus reduce the likelihood of a collision. Other work focuses on the development
of an ADAS applications for mobile devices that retrieves car and pedestrian location
information to identify hazardous situations between VRUs and CAVs [222–224].
5. Challenges in the ACs-VRU Interaction
The idea behind the interaction between CAVs and VRUs is that technology will free
pedestrians, similar to the autonomous vehicles free up the driver. However, it will be
a long way before we have fully autonomous vehicles (level 5 driving automation [7])
introduced in the roads and urban environments. This new kind of environment will bring
new challenges of user privacy, invasiveness, technology feasibility, inclusiveness, etc.
In the transition process of fully interconnected vehicles with infrastructures and road
users it will be necessary that the whole mobility system should still adhere to the current
rules and ways to communicate the vehicle’s intentions such as keeping speed, braking, or
accelerating. A deep analysis of how human-driven vehicles will interact with CAVs will be
needed and also how CAVs will influence walking behavior to reduce pedestrian fatalities.
CAVs should be designed to be understandable even for those VRUs who do not have
the technology or have other limitations.
Standardization and training will be useful for all road users who may be able to
distinguish automated vehicles from manually driven vehicles to learn to interact with
them. In addition, contemporary urban design should consider unpredictable pedestrian
behaviors by (a) braking to avoid striking pedestrians, (b) predicting trajectories of pedestrians, (c) providing early alerts to the road users about dangerous behaviors, (d) separating
traffic by means of tunnels and bridges, among others.
The challenge in the interaction between VRUs and CAVs is not only for the VRUs
to understand the actions that the CAVs will perform, but also for the CAVs to learn the
communication language of some VRUs, such as cyclists. Cyclists use hand signals to
indicate, for example, that they will make a left or right turn, whereupon the CAVs must
slow down for the cyclist to perform the manoeuvre and avoid an accident. One of the
solutions is to generate algorithms for the vehicle to learn the different signals generated
by cyclists. At the same time, work should be carried out to raise awareness among cyclists
to use this signalling code to have a correct communication with the CAVs.
Another challenge is in the training process of the algorithms, since the algorithm
will be good if the amount of data is sufficient, and that all data are validated. However,
the challenge is the data collection and labelling of the information. The collection can be
solved by implementing collection systems within the driving support systems, currently
implemented in many of the vehicles driving in urban areas, and that all this information
is shared in centralized repositories to be used for the creation of data sets for algorithm
training. In addition, these data sets can be enriched with data generated through simulation scenarios. On the other hand, data labelling is a crucial process for the optimal
performance of algorithms responsible for self-driving tasks. One solution is the use of
off-the-shelf labelling tool platforms that facilitate the data labelling and validation process.
Finally, it is necessary to consider different VRUs behavior between all countries
where CAVs will operate. Furthermore, trust and acceptance are particularly challenging
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in countries that currently have very little advanced technology within the transport
system [225].
6. Conclusions
The emergence and introduction of autonomous vehicles to the road traffic environment will generate a series of challenges that must be solved. One of them is the interaction
between autonomous vehicles and the rest of the road users.
In this paper, we present a review of the interaction process between VRUs and
autonomous vehicles. We analyze the road traffic ecosystem, identifying the evolution
of the environment and the new elements that are being integrated. We describe the
essential functions of an autonomous vehicle and define and describe the main categories
and characteristics that make up the group of VRUs. Subsequently, we discuss from the
technical aspect, the interaction process between VRUs and CAVs. The analysis revealed
how learning technology is positioning itself as an essential element of the interaction
process as it allows the autonomous vehicle to identify, classify and predict the behavior of
VRUs, contributing to the reduction of the probability of a risky situation ending in fatal
consequences for VRUs.
It is necessary to solve different challenges to improve the perception technologies and
the definition of interfaces that facilitate communication and understanding of intentions
by both VRUs and ACs. Although, many efforts have been made to address some of
the challenges in the interaction between VRUs and ACs, there still are open problems
pending, such as the improvement of the algorithms, training, dataset, among others,
to increase the accuracy of all stages of the interaction process. The review also shows
that eHMI interfaces are one of the driving forces that will facilitate the acceptance of
CAVs. However, eHMIs still have not make the communication between VRUs and CAVs
transparent and understandable.
CAVs-VRU interaction should be designed to guarantee the inclusion of the different
requirements of all kinds of VRUs: children, elderly, people with disabilities, etc. The
concurrent use of different safety modalities, each targeting a different human sense, seems
a promising approach.
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Mihçioğlu, M.E.; Alkar, A.Z. Improving pedestrian safety using combined HOG and Haar partial detection in mobile systems.
Traffic Inj. Prev. 2019, 20, 619–623. [CrossRef] [PubMed]
Yao, S.; Pan, S.; Wang, T.; Zheng, C.; Shen, W.; Chong, Y. A new pedestrian detection method based on combined HOG and LSS
features. Neurocomputing 2015, 151, 1006–1014. [CrossRef]
Li, J.; Zhao, Y.; Quan, D. The combination of CSLBP and LBP feature for pedestrian detection. In Proceedings of the 2013
3rd International Conference on Computer Science and Network Technology, Dalian, China, 12–13 October 2013; pp. 543–546.
[CrossRef]
Cao, J.; Sun, X.; Zhao, S.; Wang, Y.; Gong, S. Algorithm of moving object detection based on multifeature fusion. In Proceedings of
the 2017 IEEE International Conference on Information and Automation (ICIA), Macao, China, 18–20 July 2017; pp. 931–935.
[CrossRef]
Lestari, R.F.; Nugroho, H.A.; Ardiyanto, I. Liver Detection Based on Iridology using Local Binary Pattern Extraction. In
Proceedings of the 2019 2nd International Conference on Bioinformatics, Biotechnology and Biomedical Engineering (BioMIC)Bioinformatics and Biomedical Engineering, Yogyakarta, Indonesia, 12–13 September 2019; Volume 1, pp. 1–6. [CrossRef]
Liu, Y.-C.; Huang, S.-S.; Lu, C.-H.; Chang, F.-C.; Lin, P.-Y. Thermal pedestrian detection using block LBP with multi-level classifier.
In Proceedings of the 2017 International Conference on Applied System Innovation (ICASI), Sapporo, Japan, 13–17 May 2017;
pp. 602–605. [CrossRef]
Gan, G.; Cheng, J. Pedestrian Detection Based on HOG-LBP Feature. In Proceedings of the 2011 Seventh International Conference
on Computational Intelligence and Security, Sanya, China, 3–4 December 2011; pp. 1184–1187. [CrossRef]
Park, W.-J.; Kim, D.-H.; Suryanto; Lyuh, C.-G.; Roh, T.M.; Ko, S.-J. Fast human detection using selective block-based
HOG-LBP. In Proceedings of the 2012 19th IEEE International Conference on Image Processing, Orlando, FL, USA,
30 September–3 October 2012; pp. 601–604. [CrossRef]

Sensors 2022, 22, 4614

27 of 31

107. Boudissa, A.; Tan, J.K.; Kim, H.; Ishikawa, S. A simple pedestrian detection using LBP-based patterns of oriented edges. In
Proceedings of the 2012 19th IEEE International Conference on Image Processing, Orlando, FL, USA, 30 September–3 October
2012; pp. 469–472. [CrossRef]
108. Cai, Y.; Liu, Z.; Sun, X.; Chen, L.; Wang, H. Research on pedestrian detection technology based on improved DPM model. In
Proceedings of the 2017 IEEE 7th Annual International Conference on CYBER Technology in Automation, Control, and Intelligent
Systems (CYBER), Honolulu, HI, USA, 31 July–4 August 2017; pp. 216–219. [CrossRef]
109. Shimbo, Y.; Kawanishi, Y.; Deguchi, D.; Ide, I.; Murase, H. Parts Selective DPM for detection of pedestrians possessing an umbrella.
In Proceedings of the 2016 IEEE Intelligent Vehicles Symposium (IV), Gothenburg, Sweden, 19–22 June 2016; pp. 972–977.
[CrossRef]
110. Wong, B.-Y.; Hsieh, J.-W.; Hsiao, C.-J.; Chien, S.-C.; Chang, F.-C. Efficient DPM-Based Object Detection Using Shift with Importance Sampling. In Proceedings of the 2016 International Computer Symposium (ICS), Chiayi, Taiwan, 15–17 December 2016;
pp. 339–344. [CrossRef]
111. Mao, X.-J.; Zhao, J.-Y.; Yang, Y.-B.; Li, N. Enhanced deformable part model for pedestrian detection via joint state inference. In Proceedings of the 2015 IEEE International Conference on Image Processing (ICIP), Quebec City, QC, Canada, 27–30 September 2015;
pp. 941–945. [CrossRef]
112. Felzenszwalb, P.F.; Girshick, R.B.; McAllester, D.; Ramanan, D. Object Detection with Discriminatively Trained Part-Based Models.
IEEE Trans. Pattern Anal. Mach. Intell. 2010, 32, 1627–1645. [CrossRef]
113. Wan, K. Research on Pedestrian Attitude Detection Algorithm from the Perspective of Machine Learning. In Proceedings
of the 2020 5th International Conference on Mechanical, Control and Computer Engineering (ICMCCE), Harbin, China,
25–27 December 2020; pp. 1350–1356. [CrossRef]
114. Hua, J.; Shi, Y.; Xie, C.; Zhang, H.; Zhang, J. Pedestrian- and Vehicle-Detection Algorithm Based on Improved Aggregated
Channel Features. IEEE Access 2021, 9, 25885–25897. [CrossRef]
115. Byeon, Y.-H.; Kwak, K.-C. A Performance Comparison of Pedestrian Detection Using Faster RCNN and ACF. In Proceedings
of the 2017 6th IIAI International Congress on Advanced Applied Informatics (IIAI-AAI), Hamamatsu, Japan, 9–13 July 2017;
pp. 858–863. [CrossRef]
116. Verma, A.; Hebbalaguppe, R.; Vig, L.; Kumar, S.; Hassan, E. Pedestrian Detection via Mixture of CNN Experts and Thresholded
Aggregated Channel Features. In Proceedings of the 2015 IEEE International Conference on Computer Vision Workshop (ICCVW),
Santiago, Chile, 7–13 December 2015; pp. 555–563. [CrossRef]
117. Song, H.; Jeong, B.; Choi, H.; Cho, T.; Chung, H. Hardware implementation of aggregated channel features for ADAS. In
Proceedings of the 2016 International SoC Design Conference (ISOCC), Jeju, Korea, 23–26 October 2016; pp. 167–168. [CrossRef]
118. Kokul, T.; Ramanan, A.; Pinidiyaarachchi, U.A.J. Online multi-person tracking-by-detection method using ACF and particle filter.
In Proceedings of the 2015 IEEE Seventh International Conference on Intelligent Computing and Information Systems (ICICIS),
Cairo, Egypt, 12–14 December 2015; pp. 529–536. [CrossRef]
119. Kharjul, R.A.; Tungar, V.K.; Kulkarni, Y.P.; Upadhyay, S.K.; Shirsath, R. Real-time pedestrian detection using SVM and AdaBoost.
In Proceedings of the 2015 International Conference on Energy Systems and Applications, Pune, India, 30 October–1 November
2015; pp. 740–743. [CrossRef]
120. Xu, F.; Xu, F. Pedestrian Detection Based on Motion Compensation and HOG/SVM Classifier. In Proceedings of the 2013
5th International Conference on Intelligent Human-Machine Systems and Cybernetics, Hangzhou, China, 26–27 August 2013;
Volume 2, pp. 334–337. [CrossRef]
121. Narayanan, A.; Kumar, R.D.; RoselinKiruba, R.; Sharmila, T.S. Study and Analysis of Pedestrian Detection in Thermal Images
Using YOLO and SVM. In Proceedings of the 2021 Sixth International Conference on Wireless Communications, Signal Processing
and Networking (WiSPNET), Chennai, India, 25–27 March 2021; pp. 431–434. [CrossRef]
122. Xu, Y.; Li, C.; Xu, X.; Jiang, M.; Zhang, J. A two-stage hog feature extraction processor embedded with SVM for pedestrian
detection. In Proceedings of the 2015 IEEE International Conference on Image Processing (ICIP), Quebec City, QC, Canada,
27–30 September 2015; pp. 3452–3455. [CrossRef]
123. Wang, H.; Li, Y.; Wang, S. Fast Pedestrian Detection with Attention-Enhanced Multi-Scale RPN and Soft-Cascaded Decision Trees.
IEEE Trans. Intell. Transp. Syst. 2020, 21, 5086–5093. [CrossRef]
124. Li, J.; Wu, Y.; Zhao, J.; Guan, L.; Ye, C.; Yang, T. Pedestrian detection with dilated convolution, region proposal network and
boosted decision trees. In Proceedings of the 2017 International Joint Conference on Neural Networks (IJCNN), Anchorage, AK,
USA, 14–19 May 2017; pp. 4052–4057. [CrossRef]
125. Alam, A.; Jaffery, Z.A. Decision Tree Classifier Based Pedestrian Detection for Autonomous Land Vehicle Development. In
Proceedings of the 2019 International Conference on Power Electronics, Control and Automation (ICPECA), New Delhi, India,
16–17 November 2019; pp. 1–5. [CrossRef]
126. Ohn-Bar, E.; Trivedi, M.M. To boost or not to boost? On the limits of boosted trees for object detection. In Proceedings of the 2016
23rd International Conference on Pattern Recognition (ICPR), Cancun, Mexico, 4–8 December 2016; pp. 3350–3355. [CrossRef]
127. Correia, A.J.L.; Schwartz, W.R. Oblique random forest based on partial least squares applied to pedestrian detection. In
Proceedings of the 2016 IEEE International Conference on Image Processing (ICIP), Phoenix, AZ, USA, 25–28 September 2016;
pp. 2931–2935. [CrossRef]

Sensors 2022, 22, 4614

28 of 31

128. Kim, S.; Kwak, S.; Ko, B.C. Fast Pedestrian Detection in Surveillance Video Based on Soft Target Training of Shallow Random
Forest. IEEE Access 2019, 7, 12415–12426. [CrossRef]
129. Li, W.; Xu, Z.; Wang, S.; Ma, G. Pedestrian detection based on improved Random Forest in natural images. In Proceedings of
the 2011 3rd International Conference on Computer Research and Development, Shanghai, China, 11–13 March 2011; Volume 4,
pp. 468–472. [CrossRef]
130. Xiang, T.; Li, T.; Ye, M.; Nie, X.; Zhang, C. A hierarchical method for pedestrian detection with random forests. In Proceedings
of the 2014 12th International Conference on Signal Processing (ICSP), Hangzhou, China, 19–23 October 2014; pp. 1241–1246.
[CrossRef]
131. Marín, J.; Vázquez, D.; López, A.M.; Amores, J.; Leibe, B. Random Forests of Local Experts for Pedestrian Detection. In Proceedings
of the 2013 IEEE International Conference on Computer Vision, Sydney, NSW, Australia, 1–8 December 2013; pp. 2592–2599.
[CrossRef]
132. Xu, B.; Qiu, G. Crowd density estimation based on rich features and random projection forest. In Proceedings of the 2016 IEEE
Winter Conference on Applications of Computer Vision (WACV), Lake Placid, NY, USA, 7–10 March 2016; pp. 1–8. [CrossRef]
133. Cheng, W.-C.; Jhan, D.-M. A self-constructing cascade classifier with AdaBoost and SVM for pedestriandetection. Eng. Appl. Artif.
Intell. 2013, 26, 1016–1028. [CrossRef]
134. Kong, K.-K.; Hong, K.-S. Design of coupled strong classifiers in AdaBoost framework and its application to pedestrian detection.
Pattern Recognit. Lett. 2015, 68, 63–69. [CrossRef]
135. Li, Y.; Cui, F.; Xue, X.; Cheung, W.; Chan, J. Coarse-to-fine salient object detection based on deep convolutional neural networks.
Signal Process. Image Commun. 2018, 64, 21–32. [CrossRef]
136. Zhang, K.; Zuo, W.; Chen, Y.; Meng, D.; Zhang, L. Beyond a Gaussian Denoiser: Residual Learning of Deep CNN for Image
Denoising. IEEE Trans. Image Process. 2017, 26, 3142–3155. [CrossRef]
137. Mahmoudi, N.; Ahadi, S.M.; Mohammad, R. Multi-target tracking using CNN-based features: CNNMTT. Multimed. Tools Appl.
2019, 78, 7077–7096. [CrossRef]
138. Chen, Y.-Y.; Jhong, S.-Y.; Li, G.-Y.; Chen, P.-H. Thermal-Based Pedestrian Detection Using Faster R-CNN and Region Decomposition Branch. In Proceedings of the 2019 International Symposium on Intelligent Signal Processing and Communication Systems
(ISPACS), Taipei, Taiwan, 3–6 December 2019; pp. 1–2. [CrossRef]
139. Dong, P.; Wang, W. Better region proposals for pedestrian detection with R-CNN. In Proceedings of the 2016 Visual Communications and Image Processing (VCIP), Chengdu, China, 27–30 November 2016; pp. 1–4. [CrossRef]
140. Zhang, H.; Du, Y.; Ning, S.; Zhang, Y.; Yang, S.; Du, C. Pedestrian Detection Method Based on Faster R-CNN. In Proceedings of
the 2017 13th International Conference on Computational Intelligence and Security (CIS), Hong Kong, China, 15–18 December
2017; pp. 427–430. [CrossRef]
141. Li, J.; Liang, X.; Shen, S.; Xu, T.; Feng, J.; Yan, S. Scale-Aware Fast R-CNN for Pedestrian Detection. IEEE Trans. Multimed. 2018, 20,
985–996. [CrossRef]
142. Chen, E.; Tang, X.; Fu, B. A Modified Pedestrian Retrieval Method Based on Faster R-CNN with Integration of Pedestrian
Detection and Re-Identification. In Proceedings of the 2018 International Conference on Audio, Language and Image Processing
(ICALIP), Shanghai, China, 16–17 July 2018; pp. 63–66. [CrossRef]
143. Zhai, S.; Dong, S.; Shang, D.; Wang, S. An Improved Faster R-CNN Pedestrian Detection Algorithm Based on Feature Fusion and
Context Analysis. IEEE Access 2020, 8, 138117–138128. [CrossRef]
144. Cao, C.; Wang, B.; Zhang, W.; Zeng, X.; Yan, X.; Feng, Z.; Liu, Y.; Wu, Z. An Improved Faster R-CNN for Small Object Detection.
IEEE Access 2019, 7, 106838–106846. [CrossRef]
145. Ren, S.; He, K.; Girshick, R.; Sun, J. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks.
In Proceedings of the 28th International Conference on Neural Information Processing Systems, Montreal, QC, Canada,
7–12 December 2015; Volume 1, pp. 91–99.
146. Sha, M.; Boukerche, A. Performance evaluation of CNN-based pedestrian detectors for autonomous vehicles. Ad Hoc Netw. 2022,
128, 102784. [CrossRef]
147. Malbog, M.A. MASK R-CNN for Pedestrian Crosswalk Detection and Instance Segmentation. In Proceedings of the 2019
IEEE 6th International Conference on Engineering Technologies and Applied Sciences (ICETAS), Kuala Lumpur, Malaysia,
20–21 December 2019; pp. 1–5. [CrossRef]
148. Liu, S.; Lv, S.; Zhang, H.; Gong, J. Pedestrian Detection Algorithm Based on the Improved SSD. In Proceedings of the 2019 Chinese
Control and Decision Conference (CCDC), Nanchang, China, 3–5 June 2019; pp. 3559–3563. [CrossRef]
149. Redmon, J.; Divvala, S.; Girshick, R.; Farhadi, A. You Only Look Once: Unified, Real-Time Object Detection. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 779–788. [CrossRef]
150. Redmon, J.; Divvala, S.; Grishick, R. Squeezedet: Unified, small, low power fully convolutional neural networks for real-time
object detection for autonomous driving. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
Las Vegas, NV, USA, 27–30 June 2016.
151. Redmon, J.; Farhadi, A. YOLO9000: Better, Faster, Stronger. In Proceedings of the 2017 IEEE Conference on Computer Vision and
Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 6517–6525. [CrossRef]
152. Redmon, J.; Farhadi, A. YOLOv3: An Incremental Improvement. arXiv 2018, arXiv:1804.02767.

Sensors 2022, 22, 4614

29 of 31

153. Lin, T.-Y.; Goyal, P.; Girshick, R.; He, K.; Dollár, P. Focal Loss for Dense Object Detection. IEEE Trans. Pattern Anal. Mach. Intell.
2020, 42, 318–327. [CrossRef]
154. Bochkovskiy, A.; Wang, C.-Y.; Mark Liao, H.-Y. YOLOv4: Optimal Speed and Accuracy of Object Detection. arXiv 2020,
arXiv:2004.10934.
155. Kong, Y.; Tao, Z.; Fu, Y. Deep Sequential Context Networks for Action Prediction. In Proceedings of the 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, 21–26 July 2017; pp. 3662–3670. [CrossRef]
156. Rasouli, A.; Kotseruba, Y.; Kunic, T.; Tsotsos, J. PIE: A Large-Scale Dataset and Models for Pedestrian Intention Estimation and
Trajectory Prediction. In Proceedings of the 2019 IEEE/CVF International Conference on Computer Vision (ICCV), Seoul, Korea,
27 October–2 November 2019; p. 6270. [CrossRef]
157. Kotseruba, I.; Rasouli, A.; Tsotsos, J.K. Joint Attention in Autonomous Driving (JAAD). arXiv 2016, arXiv:1609.04741.
158. Razali, H.; Mordan, T.; Alahi, A. Pedestrian intention prediction: A convolutional bottom-up multi-task approach. Transp. Res.
Part C Emerg. Technol. 2021, 130, 103259. [CrossRef]
159. Xu, X. Pedestrian Trajectory Prediction via the Social-Grid LSTM Model. J. Eng. 2018, 2018, 1468–1474. [CrossRef]
160. Amirian, J.; Hayet, J.-B.; Pettre, J. Social Ways: Learning Multi-Modal Distributions of Pedestrian Trajectories with GANs. In
Proceedings of the 2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops (CVPRW), Long Beach,
CA, USA, 16–17 June 2019; p. 2972. [CrossRef]
161. Völz, B.; Mielenz, H.; Gilitschenski, I.; Siegwart, R.; Nieto, J. Inferring Pedestrian Motions at Urban Crosswalks. IEEE Trans. Intell.
Transp. Syst. 2019, 20, 544–555. [CrossRef]
162. Liu, B.; Adeli, E.; Cao, Z.; Lee, K.-H.; Shenoi, A.; Gaidon, A.; Niebles, J.C. Spatiotemporal Relationship Reasoning for Pedestrian
Intent Prediction. IEEE Robot. Autom. Lett. 2020, 5, 3485–3492. [CrossRef]
163. Chaabane, M.; Trabelsi, A.; Blanchard, N.; Beveridge, J. Looking Ahead: Anticipating Pedestrians Crossing with Future Frames
Prediction. In Proceedings of the 2020 IEEE Winter Conference on Applications of Computer Vision (WACV), Snowmass, CO,
USA, 1–5 March 2020; p. 2295. [CrossRef]
164. Gujjar, P.; Vaughan, R. Classifying Pedestrian Actions in Advance Using Predicted Video of Urban Driving Scenes. In Proceedings
of the 2019 International Conference on Robotics and Automation (ICRA), Montreal, QC, Canada, 20–24 May 2019; pp. 2097–2103.
[CrossRef]
165. Zhao, J.; Li, Y.; Xu, H.; Liu, H. Probabilistic Prediction of Pedestrian Crossing Intention Using Roadside LiDAR Data. IEEE Access
2019, 7, 93781–93790. [CrossRef]
166. Bertoni, L.; Kreiss, S.; Alahi, A. Perceiving Humans: From Monocular 3D Localization to Social Distancing. IEEE Trans. Intell.
Transp. Syst. 2021, 1–18. [CrossRef]
167. Lee, N.; Choi, W.; Vernaza, P.; Choy, C.B.; Torr, P.H.S.; Chandraker, M. DESIRE: Distant Future Prediction in Dynamic Scenes with
Interacting Agents. arXiv 2017, arXiv:1704.04394.
168. Alahi, A.; Goel, K.; Ramanathan, V.; Robicquet, A.; Fei-Fei, L.; Savarese, S. Social LSTM: Human Trajectory Prediction in Crowded
Spaces. In Proceedings of the 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA,
27–30 June 2016; pp. 961–971. [CrossRef]
169. Fernando, T.; Denman, S.; Sridharan, S.; Fookes, C. Soft + Hardwired attention: An LSTM framework for human trajectory
prediction and abnormal event detection. Neural Netw. 2018, 108, 466–478. [CrossRef] [PubMed]
170. Karpathy, A.; Toderici, G.; Shetty, S.; Leung, T.; Sukthankar, R.; Fei-Fei, L. Large-Scale Video Classification with Convolutional
Neural Networks. In Proceedings of the 2014 IEEE Conference on Computer Vision and Pattern Recognition, Columbus, OH,
USA, 23–28 June 2014; pp. 1725–1732. [CrossRef]
171. Saleh, K.; Hossny, M.; Nahavandi, S. Intent prediction of vulnerable road users from motion trajectories using stacked LSTM
network. In Proceedings of the 2017 IEEE 20th International Conference on Intelligent Transportation Systems (ITSC), Yokohama,
Japan, 16–19 October 2017; pp. 327–332. [CrossRef]
172. Rasouli, A.; Kotseruba, I.; Tsotsos, J.K. Are They Going to Cross? A Benchmark Dataset and Baseline for Pedestrian Crosswalk
Behavior. In Proceedings of the 2017 IEEE International Conference on Computer Vision Workshops (ICCVW), Venice, Italy,
22–29 October 2017; pp. 206–213. [CrossRef]
173. Agahian, S.; Negin, F.; Köse, C. An efficient human action recognition framework with pose-based spatiotemporal features. Eng.
Sci. Technol. Int. J. 2020, 23, 196–203. [CrossRef]
174. Shahroudy, A.; Liu, J.; Ng, T.-T.; Wang, G. NTU RGB+D: A Large Scale Dataset for 3D Human Activity Analysis. arXiv 2016,
arXiv:1604.02808.
175. Kooij, J.F.P.; Schneider, N.; Flohr, F.; Gavrila, D.M. Context-Based Pedestrian Path Prediction. In Computer Vision–ECCV 2014;
Springer: Cham, Germany, 2014; pp. 618–633.
176. Habibi, G.; Jaipuria, N.; How, J. Context-Aware Pedestrian Motion Prediction in Urban Intersections. arXiv 2018, arXiv:1806.09453.
177. Li, X.; Liu, Y.; Wang, K.; Yan, Y.; Wang, F.-Y. Multi-Target Tracking with Trajectory Prediction and Re-Identification. In Proceedings
of the 2019 Chinese Automation Congress (CAC), Hangzhou, China, 22–24 November 2019; pp. 5028–5033. [CrossRef]
178. Yu, F.; Li, W.; Li, Q.; Liu, Y.; Shi, X.; Yan, J. POI: Multiple Object Tracking with High Performance Detection and Appearance
Feature. In European Conference on Computer Vision; Springer: Cham, Germany, 2016; Volume 9914, p. 42. [CrossRef]

Sensors 2022, 22, 4614

30 of 31

179. Ma, C.; Yang, C.; Yang, F.; Zhuang, Y.; Zhang, Z.; Jia, H.; Xie, X. Trajectory Factory: Tracklet Cleaving and Re-Connection by Deep
Siamese Bi-GRU for Multiple Object Tracking. In Proceedings of the 2018 IEEE International Conference on Multimedia and Expo
(ICME), San Diego, CA, USA, 23–27 July 2018; pp. 1–6. [CrossRef]
180. Milan, A.; Rezatofighi, S.H.; Dick, A.; Reid, I.; Schindler, K. Online Multi-Target Tracking Using Recurrent Neural Networks.
In Proceedings of the Thirty-First AAAI Conference on Artificial Intelligence, San Francisco, CA, USA, 4–9 February 2017;
pp. 4225–4232.
181. Helbing, D.; Molnar, P. Social force model for pedestrian dynamics. Phys. Rev. E 1995, 51, 4282. [CrossRef]
182. Gupta, A.; Johnson, J.; Fei-Fei, L.; Savarese, S.; Alahi, A. Social GAN: Socially Acceptable Trajectories with Generative Adversarial
Networks. arXiv 2018, arXiv:1803.10892.
183. Saleh, K.; Hossny, M.; Nahavandi, S. Long-Term Recurrent Predictive Model for Intent Prediction of Pedestrians via Inverse
Reinforcement Learning. In Proceedings of the 2018 Digital Image Computing: Techniques and Applications (DICTA), Canberra,
ACT, Australia, 10–13 December 2018; pp. 1–8. [CrossRef]
184. Quintero, R.; Parra, I.; Llorca, D.F.; Sotelo, M.A. Pedestrian path prediction based on body language and action classification. In Proceedings of the 17th International IEEE Conference on Intelligent Transportation Systems (ITSC), Qingdao, China,
8–11 October 2014; pp. 679–684. [CrossRef]
185. Jaipuria, N.; Habibi, G.; How, J.P. A Transferable Pedestrian Motion Prediction Model for Intersections with Different Geometries.
arXiv 2018, arXiv:1806.09444.
186. Sighencea, B.I.; Stanciu, R.I.; Căleanu, C.D. A Review of Deep Learning-Based Methods for Pedestrian Trajectory Prediction.
Sensors 2021, 21, 7543. [CrossRef]
187. Sun, L.; Yan, Z.; Mellado, S.M.; Hanheide, M.; Duckett, T. 3DOF Pedestrian Trajectory Prediction Learned from Long-Term
Autonomous Mobile Robot Deployment Data. arXiv 2017, arXiv:1710.00126.
188. Dai, S.; Li, L.; Li, Z. Modeling Vehicle Interactions via Modified LSTM Models for Trajectory Prediction. IEEE Access 2019, 7,
38287–38296. [CrossRef]
189. Xin, L.; Wang, P.; Chan, C.-Y.; Chen, J.; Li, S.; Cheng, B. Intention-aware Long Horizon Trajectory Prediction of Surrounding
Vehicles using Dual LSTM Networks. In Proceedings of the 2018 21st International Conference on Intelligent Transportation
Systems (ITSC), Maui, HI, USA, 4–7 November 2018; p. 1446. [CrossRef]
190. Fragkiadaki, K.; Levine, S.; Felsen, P.; Malik, J. Recurrent Network Models for Human Dynamics. In Proceedings of the 2015 IEEE
International Conference on Computer Vision (ICCV), Santiago, Chile, 7–13 December 2015; pp. 4346–4354. [CrossRef]
191. Wang, R.; Cui, Y.; Song, X.; Chen, K.; Fang, H. Multi-information-based convolutional neural network with attention mechanism
for pedestrian trajectory prediction. Image Vis. Comput. 2021, 107, 104110. [CrossRef]
192. Hoermann, S.; Bach, M.; Dietmayer, K. Dynamic Occupancy Grid Prediction for Urban Autonomous Driving: A Deep Learning
Approach with Fully Automatic Labeling. In Proceedings of the 2018 IEEE International Conference on Robotics and Automation
(ICRA), Brisbane, QLD, Australia, 21–25 May 2018; pp. 2056–2063. [CrossRef]
193. Doellinger, J.; Spies, M.; Burgard, W. Predicting Occupancy Distributions of Walking Humans with Convolutional Neural
Networks. IEEE Robot. Autom. Lett. 2018, 3, 1522–1528. [CrossRef]
194. Fernando, T.; Denman, S.; Sridharan, S.; Fookes, C. Tracking by Prediction: A Deep Generative Model for Mutli-person
Localisation and Tracking. In Proceedings of the 2018 IEEE Winter Conference on Applications of Computer Vision (WACV),
Lake Tahoe, NV, USA, 12–15 March 2018; p. 1132. [CrossRef]
195. Kosaraju, V.; Sadeghian, A.; Martín-Martín, R.; Reid, I.; Rezatofighi, S.H.; Savarese, S. Social-BiGAT: Multimodal Trajectory
Forecasting Using Bicycle-GAN and Graph Attention Networks. In Proceedings of the 33rd International Conference on Neural
Information Processing Systems, Vancouver, BC, Canada, 8–14 December 2019; Curran Associates Inc.: Red Hook, NY, USA, 2019.
196. Chen, X.; Duan, Y.; Houthooft, R.; Schulman, J.; Sutskever, I.; Abbeel, P. InfoGAN: Interpretable Representation Learning by
Information Maximizing Generative Adversarial Nets. In Proceedings of the 30th International Conference on Neural Information
Processing Systems, Barcelona, Spain, 5–10 December 2016; Curran Associates Inc.: Red Hook, NY, USA, 2016; pp. 2180–2188.
197. Kessels, C. The eHMI: How Autonomous Cars Will Communicate with the Outside World. May 2021. Available online:
https://www.theturnsignalblog.com/blog/ehmi/ (accessed on 14 May 2022).
198. Sucha, M.; Dostal, D.; Risser, R. Pedestrian-driver communication and decision strategies at marked crossings. Accid. Anal. Prev.
2017, 102, 41–50. [CrossRef]
199. Rasouli, A.; Tsotsos, J.K. Autonomous Vehicles That Interact with Pedestrians: A Survey of Theory and Practice. IEEE Trans. Intell.
Transp. Syst. 2020, 21, 900–918. [CrossRef]
200. Rasouli, A.; Kotseruba, I.; Tsotsos, J.K. Understanding Pedestrian Behavior in Complex Traffic Scenes. IEEE Trans. Intell. Veh.
2018, 3, 61–70. [CrossRef]
201. Choi, J.K.; Ji, Y.G. Investigating the Importance of Trust on Adopting an Autonomous Vehicle. Int. J. Hum.-Comput. Interact. 2015,
31, 692–702. [CrossRef]
202. Luo, R.; Chu, J.; Yang, X.J. Trust Dynamics in Human-AV (Automated Vehicle) Interaction. In Extended Abstracts of the 2020 CHI
Conference on Human Factors in Computing Systems; ACM: New York, NY, USA, 2020; pp. 1–7. [CrossRef]
203. Du, N.; Haspiel, J.; Zhang, Q.; Tilbury, D.; Pradhan, A.K.; Yang, X.J.; Robert, L.P. Look who’s talking now: Implications of AV’s
explanations on driver’s trust, AV preference, anxiety and mental workload. Transp. Res. Part C Emerg. Technol. 2019, 104, 428–442.
[CrossRef]

Sensors 2022, 22, 4614

31 of 31

204. Merat, N.; Louw, T.; Madigan, R.; Wilbrink, M.; Schieben, A. What externally presented information do VRUs require when
interacting with fully Automated Road Transport Systems in shared space? Accid. Anal. Prev. 2018, 118, 244–252. [CrossRef]
[PubMed]
205. Reig, S.; Norman, S.; Morales, C.G.; Das, S.; Steinfeld, A.; Forlizzi, J. A Field Study of Pedestrians and Autonomous Vehicles. In
Proceedings of the 10th International Conference on Automotive User Interfaces and Interactive Vehicular Applications, Toronto,
ON, Canada, 23–25 September 2018; pp. 198–209. [CrossRef]
206. Rettenmaier, M.; Albers, D.; Bengler, K. After you?!–Use of external human-machine interfaces in road bottleneck scenarios.
Transp. Res. Part F Traffic Psychol. Behav. 2020, 70, 175–190. [CrossRef]
207. Löcken, A.; Golling, C.; Riener, A. How Should Automated Vehicles Interact with Pedestrians? A Comparative Analysis of
Interaction Concepts in Virtual Re-ality. In Proceedings of the 11th International Conference on Automotive User Interfaces and
Interactive Vehicular Applications, Utrecht, The Netherlands, 21–25 September 2019; pp. 262–274. [CrossRef]
208. Habibovic, A.; Fabricius, V.; Anderson, J.; Klingegard, M. Communicating Intent of Automated Vehicles to Pedestrians. Front.
Psychol. 2018, 9, 1336. [CrossRef] [PubMed]
209. Strauss, T. Breaking down the Language Barrier between Autonomous Cars and Pedestrians. 2018. Available online:
https://uxdesign.cc/wave-breaking-down-the-language-barrier-between-autonomous-cars-and-pedestrians-autonomy-techa8ba1f6686 (accessed on 3 May 2022).
210. Autocar. The Autonomous Car That Smiles at Pedestrians. 2016. Available online: https://www.autocar.co.uk/car-news/newcars/autonomous-car-smiles-pedestrians (accessed on 3 May 2022).
211. Kitayama, S.; Kondou, T.; Ohyabu, H.; Hirose, M. Display System for Vehicle to Pedestrian Communication. SAE, SAE Technical
Paper 2017-01–0075. 2017. Available online: https://www.sae.org/publications/technical-papers/content/2017-01-0075/
(accessed on 14 May 2022).
212. Habibovic, A.; Andersson, J.; Lundgren, V.M.; Klingegård, M.; Englund, C.; Larsson, S. External Vehicle Interfaces for Communication with Other Road Users. In Road Vehicle Automation 5; Springer: Cham, Germany, 2019; pp. 91–102.
213. Woyke, E. A Self-Driving Bus That Can Speak Sign Language. 2017. Available online: https://www.technologyreview.com/2017
/04/13/152569/a-self-driving-bus-that-can-speak-sign-language/ (accessed on 14 May 2022).
214. Son, S.; Jeong, Y.; Lee, B. An Audification and Visualization System (AVS) of an Autonomous Vehicle for Blind and Deaf People
Based on Deep Learning. Sensors 2019, 19, 5035. [CrossRef]
215. Deb, S.; Strawderman, L.J.; Carruth, D.W. Investigating pedestrian suggestions for external features on fully autonomous vehicles:
A virtual reality experiment. Transp. Res. Part F Traffic Psychol. Behav. 2018, 59, 135–149. [CrossRef]
216. Costa, G. Designing Framework for Human-Autonomous Vehicle Interaction. Master’s Thesis, Keio University Graduate School
of Media Design, Yokohama, Japan, 2017.
217. Ochiai, Y.; Toyoshima, K. Homunculus: The Vehicle as Augmented Clothes. In Proceedings of the 2011 2nd Augmented Human
International Conference, Tokyo, Japan, 13 March 2011. [CrossRef]
218. Chang, C.-M.; Toda, K.; Sakamoto, D.; Igarashi, T. Eyes on a Car: An Interface Design for Communication between an Autonomous
Car and a Pedestrian. In Proceedings of the ACM 9th International Conference on Automotive User Interfaces and Interactive
Vehicular Applications, Oldenburg, Germany, 24–27 September 2017; p. 73. [CrossRef]
219. Jaguar Land Rover. The Virtual Eyes Have It. 2018. Available online: https://www.jaguarlandrover.com/2018/virtual-eyeshave-it (accessed on 14 May 2022).
220. Hussein, A.; García, F.; Armingol, J.M.; Olaverri-Monreal, C. P2V and V2P communication for Pedestrian warning on the basis
of Autonomous Vehicles. In Proceedings of the 2016 IEEE 19th International Conference on Intelligent Transportation Systems
(ITSC), Rio de Janeiro, Brazil, 1–4 November 2016; pp. 2034–2039. [CrossRef]
221. Liu, Z.; Pu, L.; Meng, Z.; Yang, X.; Zhu, K.; Zhang, L. POFS: A novel pedestrian-oriented forewarning system for vulnerable
pedestrian safety. In Proceedings of the 2015 International Conference on Connected Vehicles and Expo (ICCVE), Shenzhen,
China, 19–23 October 2015; pp. 100–105. [CrossRef]
222. David, K.; Flach, A. CAR-2-X and Pedestrian Safety. IEEE Veh. Technol. Mag. 2010, 5, 70–76. [CrossRef]
223. Andreone, L.; Visintainer, F.; Wanielik, G. Vulnerable Road Users thoroughly addressed in accident prevention: The WATCHOVER European project. In Proceedings of the 14th World Congress on Intelligent Transport Systems, Beijing, China,
9–13 October 2007.
224. García, F.; Jiménez, F.; Anaya, J.J.; Armingol, J.M.; Naranjo, J.E.; de la Escalera, A. Distributed Pedestrian Detection Alerts Based
on Data Fusion with Accurate Localization. Sensors 2013, 13, 11687–11708. [CrossRef]
225. Saleh, K.; Hossny, M.; Nahavandi, S. Towards trusted autonomous vehicles from vulnerable road users perspective. In Proceedings
of the 2017 Annual IEEE International Systems Conference (SysCon), Montreal, QC, Canada, 24–27 April 2017; pp. 1–7. [CrossRef]

