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Abstract

Autonomous vehicles create the need to observe and model the behaviour of the ‘machine - driver’, consisting of
various sensors exchanging information and acting according to the road context. Various DBMs have been
proposed in the literature and have formulated the basis for modelling AVs and CAVs in the various simulation
software. The existing research is mainly focusing on modelling the behaviour of autonomous vehicles
concerning their interaction with the surrounding traffic (i.e. vehicles) in terms of the keeping distance from their
preceding vehicles and the side distances from the vehicles on their right and left side.

The investigation of the interaction of autonomous vehicles with other road users is still in its infancy.
Especially, the interaction with vulnerable road users, such as pedestrians, is currently under research and it
gains increasing attraction as it is a major pilar in road safety. This work aims to fulfil the need of the
development of an additional behavioral model describing the safe interaction between an autonomous vehicle
and a pedestrian standing on the curb aiming to cross the road. For this purpose, data were collected through a
virtual reality experiment where a human user immersed into the scene as a pedestrian with the aim of crossing
the road at an unmarked location. At the same time, a simulated vehicle was approaching, controlled by a highly
automated driving function. The behavioural model developed is based on the principles of inverse
reinforcement learning and the algorithm implemented is the Maximum Entropy (ME) algorithm which assumes
optimum behaviour, and the expert behaviour is modelled as the one with the maximum entropy.
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Yovropn Hepiinyn

Ta avtdvopo oyfLoTo ETPAALOVY TNV LOVTEAOTOINGN KOL TV CLVEXN TOPUKOAOVONOT| TG CLUTEPLPOPAS TOV
«OBNYOU-UNYOVIAG» 1 OTtOl0L EVEPYEL AVAAOYOL LE TIC TTANPOPOPIES TOL GUAAEYOVTOL OTTO TO 001KO TEPIPAAAOV Kal
AVTOALACCOVTOL PETAED TOV TOKIA®Y aohnTipmv mov gival £yKOTESTNUEVOL GTO OYNUo. Aldpopo LOVTELD
0OMYIKNG GLUTEPIPOPAG Exovv avomtuydel katd kapovg Kot Eyovv amoterécel T PAcn yuo T povielomoinon
™G ovumePPopds TV (cuvepyaldHeEvaOV) OLTOVOL®V OYNUATOV KOl TOV EMMTOCEMV OVTOV HECH TOV
AOYIGLUK®OV TTpocopoinons. Méypt Tdpa 1 £pEVVOL ETIKEVIPMVETUL KUPIMG TNV HEAETN TG AN AETiOpaoNC TV
OYNUATOV QVTOV LE TO, VTTOAOUTO OYNUATO. OGOV OPOPE TNV OTOCTACT TOVG Ad TO TPOTOPEVOUEVO OYNMUO KAODG
KO TIG TAEVPIKEG OMOGTACELS OO T, OY1HLOTO TTOV PpiokovTal eKaTéEPOEY.

H avdlvon g oAAAERidpacnc TdV OVTOUATOV Kol GVTOVOU®V OXNUATOV HE TOVG VITOAOUTOVS YPNOTEG TNG
0dov Ppioketar axodpo oe mpdo otddo. ITo ovykekpyéva, 1 CAANAETIOPACT TOVG WE TOVG ELAAMTOVG
xpNnotes, Omwg ot meloi, Ppioketon VIO cuveyn £PELVO. KOL TPOCEAKVEL OLEOVOUEVE TO EVOWLPEPOV TMV
gpevvnTOVv KoBOG amotedel onpaviikd moAdvVa TG odkhg acpdielng. H mapovoa pedémn €xer okomd va
TANPOGCEL TNV aVAYKT OMovpyiog EVOG EMMTALOV HOVTEAOL OOMYIKNG CULUTEPLPOPAS oV Ba meptypdpel TNV
0oQOAN OAANAETIOPAOT OLTOUATOV OYNUATOG Kot TECOD, 0 0TOT0G GTEKETOL GTO KPAOTEDO LE GKOTO VO dlooyioEL
™V 086 og Kamolo onpeio awtic. [a to oxomd avtd, ypnoyomomdnkay dedopéva To omoio cLAAEXON GOV 6TO
TAA{G10 TEPALOTOC EIKOVIKNG TPOUYLOTIKOTNTAG KOTO TO 0TOI0 0 GUUUETEX®V EIGEPYETOL 0TO OikTVLO ™G TELOC
EVO TNV 1010 oTIypn €va Oy ETTESOL AVTOLOTICUOV 4 Kiveitar oty 086 Kot TAnclalel Tpog 1o onpeio mov
otéketot 0 meldc. To poviédo mov avantdydnke Boaciletol oTIC apyEg TIG OVTIGTPOPNG EVIGYLTIKNG HAbnong Kot
O GLYKEKPLUEVA YpNoonoOnie o adydplBpog e LEyoTng EVIPOTING.

AEEe1s KAEIO1d: avTioTpopn evioyvTIKY UGONoN, UEPLOTH EVIPOTIO, QVTOUOTO OYNUe, TECOS
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1. Introduction

Pedestrians consist a large part of vulnerable road users in transportation networks with unpredictable
behaviour and different decision making and motion profiles and patterns. Their interaction with
vehicular traffic is a major pillar in the field of transportation as these two type of users can intersect at
signalized and non-signalized intersections, mid-block crosswalks and any other unmarked part of the
road network (jaywalking). Due to pedestrians’ vulnerability it is vital to maintain high safety levels in
any type of interaction. Vulnerable road users will be highly affected by the advent of automated
vehicles and their interactions can lead to unsafe situations as the behaviour of VRUs is highly
unexpected or the behaviour of the AV could be misinterpreted by the VRU. Till now, most studies
include field tests (Rothenbuecher et al., 2016, Matthew et al., 2017, Wang et al., 2021) or virtual
experiments (Deb et al., 2018, Velasco et al., 2019, Sadraei et al., 2020, Pappas et al., 2021) for
observing and analysing these interactions and parameters such as the gap acceptance, Time to
Collision (TTC), or AV speed evolution can be recorded and extracted. Additionally, various
experiments have been conducted for investigating which types of communication displays (text,
sound, etc) are the most suitable and preferable by pedestrians when they interact with AVs and can
ensure safe pedestrian crossing (Ackermann et al., 2019a,b, de Clercq et al., 2019, Merat et al., 2018,
Langstrom et al., 2016, Clamann et al., 2017, Fridman et al., 2017, Matthews et al., 2017). Various
studies have attempted to model the behaviour of pedestrians in the presence of an AVs or the
behavior of AVs when interacting with pedestrians aiming to contribute in increasing safety in these
types of interactions.

Jayaraman et al. (2020) modeled and predicted pedestrian crossing behaviour in the presence of an AV
by developing a hybrid automaton model by combining both a discrete and a continuous model. Rad et
al. (2020) focused on pedestrian crossing behaviour and modelled the probability for a pedestrian to
cross the road based on different parameters using agent - based simulation modelling. An agent —
based model was also developed by Predhumeau et al. (2021) for assisting autonomous vehicles in
predicting pedestrian trajectories in shared spaces. The authors combine a Social Force Model
describing the pedestrian’s willingness to reach his destination by avoiding any obstacle (static,
pedestrians, vehicles, AVs) and a decision model in case of conflicting interactions with an AV for
avoiding a potential collision. Zhu et al. (2022) built an agent — based framework for analyzing
encounters between autonomous vehicles and pedestrians at an unsignalized mid-block crosswalk with
refuge island and assess the safety levels of this type of conflict point. Cellular automata models
consist a popular technique for modelling vehicle and pedestrian behaviour during their encounters.
Such a model was developed by Feng et al. (2019) for simulating the interactions between
autonomous vehicles and pedestrians at unsignalized mid-block crosswalks combined with a conflict
eliminating model for reducing the number of conflicts between the two road user types. Wu et al.
(2019) applied in a two-way four-lane cellular automata simulation model for expressing the
probability of waiting or crossing of the two “players” based on gap acceptance conditions. Assuming
a Poisson pedestrian arrival rate moving upward and downward, the effect of vehicle and pedestrian
arrival rates on pedestrian delay was estimated, while the TTC indicator was used for evaluating
conflicts and their severity on studied crosswalk. Apart from SFMs and CA models, surrogate safety
models (SSM) models have also been used for modelling the conflict between autonomous vehicles
and pedestrians (Alghodhaif and Lakshmanan, 2020) in urban environment. The model developed
consisted of three sub-models —radar perception, pedestrian classification and decision making model
— aiming to adopt the autonomous vehicle behaviour for conflict avoidance with a pedestrian intended
to cross.

Pedestrian — autonomous vehicle interaction has also been described and modelled based on the
principles of game theory (Michieli and Badia, 2018) using data from virtual reality experiments
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(Camara et al., 2018, Fox et al., 2018, Camara et al., 2021), or distributed simulator (Kalantari et al.,
2021). A game theory — based model was proposed by Rahmati et al. (2020) for capturing the
characteristics and uncertainties of pedestrian movements in shared spaces when interacting with other
road users and predict their trajectories for assisting Connected and Automated Vehicles (CAVS) in
their navigation through high volume pedestrian areas. Luo et al. (2018) extended the Reciprocal
Velocity Obstacle model (Van den Berg et al., 2009) for describing pedestrian movement intentions
and his interaction with other users (vehicles or pedestrians). The proposed model, called Optimal
Reciprocal Collision Avoidance (ORCA), is integrated within a Partially Observable Markov Process
for ensuring safe navigation of the autonomous vehicle among pedestrians. Extensions to the ORCA
model have also been introduced by Charlton et al. (2020) to simulate interactions between pedestrians
and autonomous vehicles in urban shared spaces. An important shortcoming of these geometric
models is that they do not consider the variability and unpredictability of human behaviour and
produce optimal collision free trajectories and assume similar reasoning for collision avoidance.

Data driven methods are gaining increasing attention as they are more flexible than the traditional
behavioural models and can easily be adapted to any data source and environment as well as reveal
patterns ad profiles that other methods and algorithms fail to. Deep reinforcement learning principles
have been applied for activating autonomous braking in risky situations (Vasquez and Farrog, 2019) or
predicting pedestrian trajectories (Kalatian and Farooq, 2022). Deep survival analysis models and
more specifically a deep — neural network CHP model was applied in Kalatian and Farooq (2021) for
estimating pedestrian waiting time before starting crossing the road when an autonomous vehicle is
approaching at an unsignalized crosswalk under different vehicles’ levels of automation and arrival
rates, road types, lane widths, time of the day and weather conditions. A deep Q Learning RL model
was developed by Elallid et al. (2022) for controlling an autonomous vehicle taking into consideration
its interactions with other vehicles and pedestrians. The principles of maximum entropy developed by
Ziebart et al. (2008) were used for developing a model for predicting pedestrian behaviour using
continuous trajectories recorded in a real — world experiment (Kuderer et al.,2012). The proposed
model outperformed the social forces method and was then integrated in a mobile robot, which
interacted successfully with humans.

Inverse reinforcement learning (IRL) is also a very valuable tool in modelling vehicle and pedestrian
behaviours when interacting with each other. A continuous Gaussian IRL was implemented for
describing pedestrian behaviour using trajectories from a signalized intersection in China (Nasernejad
et al., 2021). After estimating the pedestrian reward function, the Advantage Actor-Critic DRL method
(A2C) was applied for revealing pedestrian policies and then for extracting pedestrian trajectories. The
simulate trajectories were compared with the real collected ones and the results revealed the high
accuracy and good performance of the proposed model. Zhu et al. (2022) proposed a Convolutional
Neural Networks (CNN) Vehicle-Pedestrian detection algorithm aiming to increase the safety levels of
pedestrian — autonomous vehicle interactions. Very recently, reinforcement learning techniques have
been adopted for assisting autonomous vehicles in planning their trajectories at intersections where
they coexist with other road users (vehicles, pedestrians and cyclists) (Zhang et al., 2023). The
developed DQN model resulted in safer driving trajectories, increased driving comfort and energy
savings while the trajectories planned for a 5s horizon outperformed human driven ones.

Pedestrian group behaviour and navigation strategies have also been investigated through
reinforcement learning techniques. Focusing on pedestrians, inverse reinforcement algorithm and
maximum causal entropy principles have been applied for learning their behaviour from real
trajectories when navigating in a virtual 3D environments and predict trustworthy trajectories
(Martinez — Gill et al., 2020). The results revealed the model effectiveness and its ability to adequately
depict the pedestrian dynamics and its motion features and principles. An autonomous braking system
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based on deep reinforcement principles was proposed in Chae et al. (2017) for controlling and
adjusting vehicle speed in critical situations and especially in urban environments where a vehicle
faces a crossing pedestrian. The state space of the vehicle is described by its speed and its distance
from the pedestrian, while the action space depends on the value of its deceleration. The system was
tested through computer simulations which revealed the good and consistent braking behaviour of the
vehicle under different scenarios. LSTM was combined also with a Deep Q-Network for modelling
decisions of an autonomous vehicle in urban environments in the presence of pedestrians ay
unsignalized crosswalks and jaywalking (Deshpande et al., 2020). The model was trained in CARLA
simulator and the comparison with a rule — based model revealed its effectiveness and higher
performance. One year later, the same research team developed a multi-objective deep reinforcement
learning for assisting autonomous navigation in urban environments (Deshpande et al., 2021). The
results from the CARLA simulator revealed the better performance of the new approach compared to
the single objective RL proposed in their previous work (Deshpande et al., 2020). Rosati Pappini et al.
(2021) used reinforcement learning principles for developing a safe speed function to assist an
autonomous driving system when interacting with a distracted pedestrian aiming to ensure that the
machine will successfully perform emergency braking maneuvers. The model integrated in a real test
vehicle and interacted with emulated pedestrians performed successfully in the scenarios conducted on
a real test track as the vehicle reached the minimum speed within a safe temporal margin from the
potential conflict area.

Apart from single agent algorithms maximizing the reward and optimize the behaviour of one of the
interacting agents (vehicle or pedestrian), multi agent techniques are considered to be more realistic
and accurate as they take into consideration the interacting behaviours of the users aiming to optimize
both policies and maximize both reward functions. Trumpp et al. (2022) proposed a deep multi agent
reinforcement learning algorithm (DMARL) for modelling the behaviour of a pedestrian aiming to
cross the road and an approaching autonomous vehicle at an unmarked crosswalk in a simulated
driving scenario. Time to collision, pedestrian and vehicle speed, vehicle acceleration, the distance
between them are some of the main parameters for defining the state space of the two agents.
Vehicle’s action space is defined based on its acceleration while pedestrian has two options either
walk or wait. A similar study was conducted by Nasernejad et al. (2021) applying Adversarial Inverse
Reinforcement Learning for recovering the reward functions of the vehicle and the pedestrian while
their policies where further optimized using multiagent Actor-Critic deep-reinforcement-learning. The
study of Hu et al. (2023) focused on autonomous and manual vehicles and their interaction with
pedestrians on unsignalized intersections using multi-agent deep deterministic policy gradient
(MADDPG) algorithm. State of the pedestrian is discrete (wait or walk) based on the TTC values
while the vehicles state space is defined based on the TTC values, their own speed and acceleration,
the speed of the preceding vehicle (if any) and its type (manual or autonomous), pedestrian speed and
the distance between the vehicle and the pedestrian (if there is no leading vehicle) or the leading
vehicle. The results showed that the proposed algorithm outperformed single agent DDPG and DRL
considering the reward score of all agents and its fluctuation. The addition of LSTM in the MADDPG
algorithm resulted in a multi agent recurrent deep deterministic policy gradient algorithm applied for
traffic light control at multiple urban intersections where vehicle and crossing pedestrians are
interacting with each other (Wu et al., 2020). Apart from vehicles and pedestrians, the authors also
include buses giving them higher priority to pass than the regular vehicles. The proposed algorithm
succeeded in optimizing the each traffic light control policy to achieve the highest reward and optimal
decisions in the whole analyzed network as well as performing well in complicated road conditions
and in an unstable external environment. Focusing only on pedestrian behaviour, Martinez et al.
(2014) developed a multi — agent reinforcement learning based framework for simulating pedestrian
behaviour and navigation strategy in a virtual environment. In the three scenarios tested , i.e. election
of the shortest path vs. quickest path, crossing between two groups of pedestrians walking in opposite
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directions inside a narrow corridor and two agents that move in opposite directions inside a maze, the
proposed simulation approach succeeded in learning behaviours and policies that resemble pedestrians
in all levels (strategical, tactical and functional) effectively and similarly to the traditional Helbing’s
social force model. Hsu et al. (2018) tried to express the interaction between a vehicle and an
approaching pedestrian aims to cross an unsignalized intersection through a Markov Decision Process
model. The authors are focusing on simulating an autonomous vehicle’ behaviour resembling human
controlled vehicle dynamic that would react appropriately to pedestrian movements and behaviour
changes so that the vehicle would avoid any collision. The reward function penalized vehicles for
entering the crosswalk area simultaneously with pedestrians.

It is obvious that data driven models have increased and more advanced capabilities succeeding in
dealing with huge amount of data and capturing any unrevealed relationship. Instead of just replicating
behaviours, they are also able to optimize policies resulting in more reliable and safer behavioural
profiles. Additionally, signalized and unsignalized intersections and midblock crosswalks are the
major focus point of existing research and the scenarios where pedestrian cross the road at a random
location (jaywalking) need to be further investigated as they are riskier and a prompt and safe reaction
from the driver is urgent to avid a potential collision. This work aims to further enrich past research
by applying maximum entropy inverse reinforcement learning algorithm for describing the encounter
between a Level 4 automated vehicle and a pedestrian standing on the curb aiming to cross the road at
an unmarked location of the road. The paper is structured as follows: the main principles of maximum
entropy inverse reinforcement learning are described in section 2, section 3 includes the description of
the data, the model development and results are the focus point of section 4 while section 5 includes
the conclusions and further research suggestions.

2. The Model

Data driven models are flexible and can reveal new variables important for driver behaviour
description and modelling that could not be detected through traditional models. Furthermore,
traditional models are based on specific formulas, making them more restrictive. In the era of big data,
where vehicles can transmit numerous data through V2X communication, data driven models are
considered to be the solution towards more evolutionary behavioural models that can be integrated to
simulation platforms for training the calibrating and training the model and assess the impact of the
corresponding behaviour on critical areas. After the stability and validity of the model is approved, it
can be introduced in real test cars. The models are trained using real vehicle data and are validated and
calibrated using various machine learning techniques. Data driven models have been used for
enhancing existing models describing the car-following (Zhang et al., 2019) as well the lane changing
behaviour (Bi et al., 2016, Wang et al., 2017), adaptive cruise control (Lin et al., 2020) and other
autonomous driving applications (Di et al., 2021, Bachute et al., 2021, Kiran et al., 2021, Palasinamy,
2020, Talpaert et al., 2019).

A machine learning technique widely used in many applications in transportation engineering is
Inverse Reinforcement Learning (IRL) is a modelling framework aiming to learn the reward function
based on the states, actions and the optimum policy defined. IRL has been used for modelling
interactions between different users in the road sector such as pedestrians and cyclists (Alsaleh and
Sayed, 2020) as well as for user behaviour such as pedestrian trajectories (Martinez-Gil et al., 2020),
vehicle navigation on a highway (Levine et al., 2010), risk anticipation (Shimosaka et al., 2014) and
autonomous vehicle decision making and behaviour (Gao et al., 2018, Sharifzadeh et al., 2017). It has
many structures such as Maximum Entropy (Ziebart et al., 2008), Deep Maximum Entropy
(Wulfmeier et al., 2016), Adversarial IRL (Fu et al., 2017, Wang et al., 2021) and many more which
can be found in the literature.
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The algorithm used in the present study for implementing inverse reinforcement learning is the
Maximum Entropy (ME) algorithm developed by Ziebart et al. (2008) which assumes optimum
behaviour (Alsaleh and Sayed, 2020). In this case, the optimum policy is considered to be extracted
by the given n trajectories of an expert which are a sequence of states s and actions a (Eq. 1) . Each
trajectory has a temporal horizon of h steps.

T ={(s},a}), (s3,ad), ... .. ,(s3,ah), e e, (ST, D), (ST, A1), oo o , (st ab} (D

For simplifying the model, single agent IRL is implementing for modelling the behavior of an
automated car when a pedestrian appears aiming to cross the road and therefore only the trajectories of
the vehicle are being taken into consideration assuming the pedestrian is an external object. The
existence of the pedestrian is included when defining the states of the agent-vehicle as it is described
in the next section. Generally, it can be assumed that the reward function depends on some features
¢_i and is expressed as a linear (as in the Maximum Entropy algorithm) or nonlinear equation
(examples in Eg. 2 and Eq. 3):

R_linear(s,a) = Y;jw;p;(s,a) (2) or Ryonlinear(s,a) = neuralNet(p(s,a);w) 3)

3. The dataset

The data for the model training and evaluation are collected through a virtual reality experiment, led
by FZI Research Centre for Information Technology, which took place in Karlsruhe, Germany. In
these experiments, a human expert immersed into the scene via a virtual reality (VR) headset as a
pedestrian with the aim of crossing the road. At the same time, a simulated vehicle was approaching
from the left, and it was either controlled by a human using a steering wheel and pedals or by a highly

o A
automated driving function. The digital twin of the real test area used for the virtual simulated
experiments is depicted in Figure 1. The data include the following information:

Figure 1: Digital twin of the Test Area.
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The dataset includes information about the position of the two agents, their kinematic characteristics
each time step, their spatial and temporal distance as described in Table 1.

Table 1. Data collected from the virtual experiment

Field Description
Timeframe data is collected every 100 ms
Agent -type since the experiment investigates the interaction between

passenger cars and pedestrians the “agent-type” parameter takes
the values “car” or “pedestrian”

X,y the x and y position of the agent (m)

VX, VY speed values of the agent in the x and y dimension (m/s)
psi_rad the yaw angle of the agent (rad)

length length of the agent

width width of the agent

ax, ay acceleration/deceleration values of the agent in the x and y

dimension (m/s2)
time-headway the temporal distance of the agent from its preceding vehicle (s)
gap the spatial distance of the agent from its preceding vehicle (m)
lateral_position  the distance of the central axis of the vehicle from the central axis
of the lane (m)

side_distance the distance from the central axis of the agent from the side object
(m)
mode this parameter describes whether automation mode is on or

manual vehicle control is applied. Since automation can be
activated only in case the agent-type is a car, this parameter takes
the values “automated” and “simulated” if automated function is
on and off respectively. For pedestrians, the only value for this
parameter is “simulated”.

The dataset is visualized wusing the INTERACTION dataset visualization tool
(https://github.com/interaction-dataset/interaction-dataset) as shown in Figure 2. Rectangles depict
vehicles (green circle) and the blue dots are referring to pedestrians (red circle).
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Figure 2: Visualization of data collected in the VR simulator

4. Application

4.1 Parameters for describing encounters between vehicles and pedestrians

Various parameters have been applied for describing and assessing the interactions between vehicles
and pedestrians at different type of encounter location such as signalized or unsignalized intersections,
crosswalks, and unmarked locations (jaywalking). The Surrogate Safety Measures (SSMs) are tools
and indicators are considered to provide a better investigation and interpretation of factors that could
lead to a potential collision and are very popular for studying road traffic safety as they can identifying
safety critical events without waiting for a crash to occur. The most widely used indicator is Time to
Collision (TTC), a time-based and continuous parameter applied for evaluating and classify
encounters based on their severity at signalized intersections (El- Basyouny and Sayed, 2013, Sacchi
and Sayed, 2016), unsignalized intersections (Kathuria and Vedagiri, 2020) uncontrolled and
undesignated mid-block sections in urban environment (Golakiya et al., 2022, Bella and Nobili, 2020)
or high speed arterials (Pawar and Patil, 2016). Variations of TTC also used for this purpose are Time
to Collision Point (TTCP) (Zhang and Fu, 2022), inverse TTC (1/TTC) introduced by Kiefer et al.
(2005), Time Exposed TTC and Time Integrated TTC (Laureshyn et al., 2010), Time-to-Collision with
constant acceleration (TTCA) proposed by van der Horst (1990) and Relative Time to Collision
(RTTC) (Chen et al., 2017). Post Encroachment Time (PET) has also been extensively used for
assessing safety and severity levels of vehicle and pedestrian interactions (Fu et al., 2016, Chen et al.,
2017, Marisamynathan and Vedagiri, 2020, Kathuria and Vedagiri, 2020, Chaudhari et al., 2021, Paul
and Ghosh ,2020, Golakiya et al., 2022). In multi lane road networks, a full lane is considered as the
conflict zone and the Lane based PET (LPET) is applies for classifying conflicts (Almodfer et al.,
2016, Zhang et al., 2019). At zebra crossing specifically, the Time-To-Zebraarive (TTZar) indicator is
applied for describing the behaviour of the driver of the approaching vehicle (Varhelyi, 1998, Bella
and Silvestri, 2015) but also for assessing the impact of ADAS systems (Bella and Silvestri, 2017).
Time to accident (TA) proposed by Hyden (1987) and Time Advantage (Tadv) suggested by
Laureshyn et al. (2010) have also been used for distinguishing conflicts and dangerous events (Yang et
al., 2022).



11° AIEONEZ ZYNEAPIO yia Tnv ( 11" INTERNATIONAL CONGRESS
EPEYNA ZTIZ META®OPEZ ’ on TRANSPORTATION RESEARCH

ICTP 2023
.

Apart from time- based indicators, speed based indicators are also commonly used in this field of road
safety such as Deceleration to Safety Time (DST) introduced by Hupfer et al. (1998) and used by
Ismail et al. (2009), Kumar et al. (2019), Olszewski et al. (2020) solely or in combination with other
indicators such as speed, acceleration or time based parameters for evaluating conflicts between the
two agents. In the same category, conflict speed in combination with TA has been proposed for
defining severity levels and establishing thresholds for critical situations (Hyden, 1987, Svensson,
1998, Shbeed, 2000, Laureshyn and Varhelyi, 2020). Few distance based indicators have been used
for describing vehicle-pedestrian encounters such as passing distance (Olszewski et al., 2020), relative
distance (Pascucci et al., 2020) and minimum distance (Amini et al., 2022).

Finally, risk indicators combining the above-mentioned parameters have been established and used in
research studies such as the Pedestrian Risk Index (PRI), a conflict indicator for describing the
probability of conflict occurrence as well as the severity of this potential conflict at an unsignalized
intersection (Cafiso et al., 2011). The index is defined based on the potential collision vehicle speed
and the difference between the time to collision of the vehicle and the time the vehicle needs to come
to a complete stop. Additionally, the Risk indicator (RI) was defined for estimating injury risk of a
potential collision by dividing the vehicle’s approaching speed and PET (Scholl et al., 2019, Govinda
et al., 2022).

4.2 Critical Conditions

Various factors have been used for describing the interaction between vehicles and pedestrians. A
literature review was carried out in order to find the most frequent parameters as well as some critical
values influencing the decision of a pedestrian to cross the road when a vehicle is approaching. In
Petzoldt (2014), the critical time gaps were estimated 3.5s and slightly less than 3s for a speed of
30km/h and 50km/h. Clamann et al. (2016) found that a time interval between 4s and 7s is critical for
the pedestrian as he may intersect with the vehicle’s trajectory. A mean critical gap of around 4.1s -
4.8s and mean critical gap distance of 67m-79m were found in a study conducted by Pawar and Patil
(2016) with a vehicle approaching speed of 62km/h. Palmeiro et al. (2017) tried to analyse whether
and how the decision to cross the road is influenced based on the vehicle type (traditional or
automated). The results showed that the critical time gap in case a conventional vehicle is approaching
is around 5.5s, while in case of AV 7s approximately. In the same experiment, the spatial gap was
found to range between 20m - 26m for pedestrian interaction with traditional vehicle and 19m — 23m
if an AV is approaching. The critical vehicle speed was also recorded and estimated at 16km/h and
12km/h for traditional and automated vehicle, respectively. Recently, a virtual reality experiment was
set up by Woodman et al. (2019), which tested the pedestrian behaviour for time gaps of 2s-5s. In their
experiment, all participants rejected the gap of 2s, while the highest percentage accepted the gap of 5s.
Oxley et al. (2005) carried out an experiment in order to find out how the pedestrian age affects the
parameters influencing the crossing decision. For their analysis, they use the spatial gap and the
vehicle speed (resulted in the time gap). Pawar and Patil (2016) estimated temporal and critical gaps
accepted by pedestrians when they tend to cross an uncontrolled mid — block crossing on high speed
arterials. Their analysis showed that critical accepted values are between 3.6-4.3s and 60-73m and are
mainly affected by approaching vehicle speed.

Apart from the time and spatial gap and the vehicle speed, time to collision has also been used for
studying the interaction between pedestrians and vehicles. Schneemann and Gohl (2016) conducted a
study for observing the interaction between a driver and a pedestrian under two different TTC values.
For their experiment, the authors chose the values of 3s and 4s as the critical ones for assessing
pedestrian’s gap acceptance. The review of Rasouli et al. (2018) revealed that the gap acceptance in
terms of TTC is between 3s and 7s, with the threshold of the 3s meaning that the pedestrian will not
decide to cross and if the TTC is more than 7s the pedestrian will cross. Hyden (1987), Lord (1996),
El- Basyouny and Sayed (2013) and Sacchi and Sayed (2016) used the value of 1.5s as the TTC
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threshold for defining traffic conflicts at signalized intersections and omitted any value higher than
this threshold from their analysis. Golakiya et al. (2022) used Time To Collision (TTC) as a SSM for
analysing safety aspects of pedestrians at four different uncontrolled and undesignated mid-block
sections at four different cities in India. Their analysis indicated that for TTC values below 3.6 sec the
pedestrian is at high risk of collision. Kathuria and Vedagiri (2020) evaluate pedestrian vehicle
interactions at unsignalized intersections and classified the severity levels in case either pedestrian or
vehicle or both take an evasive action based on their speed profiles. It was found that the interaction is
“safe” when TTC>2.5s, “mild” if 1.2s<TTC<2.5s and “critical” for very low TTC values (<1.5s).
Under the scenario that neither pedestrian nor vehicle takes an evasive action, it was found that a safe
passage is considered when TTC >2.3s and PET >2.6s, the interaction is critical when TTC<1.3s and
PET<1s while in any other case we have a mild interaction between the vehicle and the pedestrian.
The same approach of different interaction patterns based on the speed changes and profiles of the
vehicle and the pedestrian was adopted in Ni et al. (2016) for defining thresholds of conflict indicators
for assessing pedestrian safety at unsignalized intersections including interactions between pedestrians
and right-turning vehicles. In this study three patterns were defined: (1) either or both users take
significant evasive actions, (2) neither user takes evasive reactions and (3) slight speed changes of the
two interacting road users. In the first case, TTC is used as conflict indicator with thresholds are 1.5s
and 3s while in the second case PET was adopted with thresholds equal to 1s and 3s for characterizing
the interaction as “critical”, “conflict” and “safe”. PET and TTC were considered simultaneously in
the third case. If TTC >3.0s and PET > 3.0s, the interaction is safe, if TTC <1.5s and PET < 1.0s is a
conflict, otherwise, it is a critical event.

4.3 State Definition

As described in chapter 2, the implementation of maximum entropy inverse reinforcement learning
requires the definition of the agent state space and action space. Based on the results of the literature
review, the state of the automated vehicle are described based on the TTC values estimated every time
step which includes both the distance between the vehicle and the pedestrian as well their speeds. 7
discrete states are defined as presented in Table 2. The interaction between the two agents is
considered to be completed when either the TTC has extremely high values or the vehicle has a very
low speed and is considered to be stopped. The threshold for the latter case is 4.32km/h based on
previous works. In both cases the agents are not in collision course and no TTC values can be
estimated.

Table 2. Vehicle’s state space

State TTC (3) State TTC (s)
1 <0.5 5 2-3

2 0.5-1 6 3-4

3 1.0-1.5 7 >4

4 1.5-2

4.4 Action Definition

For the action space, we consider the acceleration as the critical value to define the manner a
driver/AV will react to external stimuli (e.g. interaction with pedestrian). Based on the
acceleration/deceleration values, two levels are distinguished: (1) smooth and (2) harsh
acceleration/deceleration. The thresholds for this classification was found to be around 0.16g - 0.369
(9=9.81m/s?) as it is described in Vlahogianni and Barbounakis (2017). For safety purposes, the value
0.16g ( =~ 1.57m/s?) was chosen as the upper limit for considering that the vehicle
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accelerates/decelerates smoothly. Besides, there is also the possibility that the driver will not take any
action remaining at his current state. Based on the above, 5 actions can be distinguished, as shown in
Table 3.

Table 3. Vehicle’s action space

Actions Value
Cruising (no change inspeed) 0

Smooth acceleration (0, 1.57]
Harsh acceleration (1.57,4.5]
Smooth deceleration [-1.57,0)
Harsh deceleration [-9, -1.57)

5. Results
5.1 State features and action attributes statistical analysis

TTC is the feature chosen to define the different states of the vehicle during its interaction with the
pedestrian while the action space was defined by its acceleration/deceleration. Table 4 shows the
descriptive statistics of these three parameters and while Fig. 3 presents the distribution of their values.
It should be mentioned that acceleration values over 4.5m/s2 and deceleration values higher than
9m/s2 (emergency braking), if any, were excluded from the analysis.

Table 4. Descriptive Statistics

Acceleration Deceleration Vehicle Speed TTC
(m/s?) (m/s?) (km/h) (s)
Mean 0.174 -1.174 8.260 3.446
Standard Deviation 0.143 1.790 3.292 1.622
Median 0.135 -0.674 7.188 3.316
Min Value 0.000 -10.721 2.936 0.412
25% 0.064 -1.238 6.206 2.219
50% 0.135 -0.674 7.188 3.316
75% 0.262 -0.183 9.360 4.228
Max Value 0.780 -0.002 25.373 10.854
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Figure 3: Distribution of the (i) vehicle speed, (ii) TTC, (ii) vehicle deceleration and (iv) vehicle acceleration

5.2 Rewards

The estimated rewards for the different states of the automated vehicle based on the TTC values
during its interaction with the pedestrian are presented in Figure 4. Is it noted that the reward is
relative to the reward of state 1. The values depict the preferences of the automated vehicle concerning
the chosen time based indicator, revealing that states with higher TTC values give higher rewards.
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Figure 4: Rewards of the automated vehicle states

6. Conclusions

The present work tries to model the behaviour of a Level 4 automated vehicle during its interaction
with a pedestrian standing on the curb at a random location of the network and trying to cross the road.
The principles of inverse reinforcement learning were applied for learning the reward function through
the analysis of vehicle and pedestrian trajectories collected via a virtual reality experiment. The state
space of the automated vehicle were defined based on the TTC values, a surrogate safety measure
widely used foe describing and evaluating encounters and conflicts between these two agents. The
results showed the preference of the driver/machine for higher TTC values as the reward increases at
higher states. The next steps are to feed with these rewards a Dyna Q model for gaining the optimal
policy and then produce trajectories that will be compared with the real ones collected from the
experiment.
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