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Executive Summary

i4Driving is a European Union Horizon initiative with the vision of establishing a standardized approach aimed at
creating a credible and practical foundation for assessing the safety of Cooperative Connected and Automated
Mobility (CCAM) systems through virtual means. Given the increasing presence of both automated vehicles (AVs)
and human-driven vehicles (HVS) on our roads, it is imperative for the industry, policymakers, certification bodies,
and testing organizations to possess a robust prototype or tool, underpinned by robust scientific methodologies,
for evaluating the safety of automated driving systems (ADS).

The i4Driving project is dedicated to advancing road safety through the development of a cutting-edge library
comprising of diverse and credible human driver models. These models are implemented within a generic multi-
scale microscopic traffic simulation framework and captures intricate driving behaviours exhibited by human-driven
vehicles on a cognitive level, accounting for various human factors within a sophisticated mathematical framework.
This library serves as a powerful tool, enabling accurate representation and prediction of the vast heterogeneity
and complexity inherent in human driving behaviour. By leveraging this innovative library, complex scenarios can
be meticulously simulated. These simulations encompass factors such as perception errors, risk-taking
tendencies, distraction and interactions among the simulated drivers, which can ultimately lead to critical traffic
conditions and accidents, as would also be expected to be the case in real-world driving with such human factors.
This modelling framework furnishes a reliable and realistic virtual assessment environment for assessing road
safety in the context of mixed traffic.

The i4Driving model library characterises input uncertainty while encoding driver heterogeneity into human driver
models and rigorously considers the trade-off between the complexity and relevance of the delivered driver
models.

The goal of this deliverable is to explain the theory, concept, and principles employed in developing a trustworthy
collection of models that represent diverse patterns of human driving behaviour. This document (D2.4) explains
the steps that are taken to develop the model library and the decisions made that translate the conceptual
framework (introduced in the deliverable 2.1) into a series of models that together shape the human driver model
(HDM).

The document first explains the principles and theories behind car-following and lane-changing models. These
models control drivers’ manoeuvres in the simulation environment. Then it describes the task demand interface
as abstracted drivers’ cognitive processes in mathematical formulas to model reaction time dynamics and
behavioural adaptation due to reduced situational awareness. These models aim to simulate drivers’ interactions
resulting in critical traffic situations or accidents. Finally, the document explains in a nutshell the implementation
of the human driver model in OpenTrafficSim. Atable with all the model parameters and settings are presented in
the appendix.
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1 Introduction

In the i4Driving project, a generic multi-scale framework for microscopic traffic simulation was developed that
allows simulation of scenarios in which human factors such as perception errors, risk-taking tendencies, and
distractions among simulated drivers lead to interactions resulting in critical traffic situations or accidents. This
modelling framework can elucidate and predict the variability and intricacy of human driving behaviours, thereby
furnishing a reliable and realistic virtual assessment environment for assessing road safety inthe context of mixed
traffic.

1.1 Deliverable Objectives

Deliverable 2.4 aims to explain the theory, concepts, and principles behind the i4Driving human driver model. In
this document, we provide a detailed exposition of the model's architecture and formalism. Additionally, we offer
convenient links directly to the model's library, where these concepts are meticulously implemented. This approach
not only enhances understanding of the theoretical foundations, but also facilitates practical exploration, ensuring
a seamless transition from theory to application.

1.2 Deliverable Structure

D2.4 is divided into two main sections as follows:
e Modelling Human driver behaviour which explains underlying theory and resulting models that
represent human driving mechanism; and
e Human driver model library which explains the simulation software specifications based on the proposed
conceptual framework and theory.

1.3 Relation to other deliverables

This deliverable is one of the series of deliverables in WP 2 connected to development of integrated 4D human
driver model under uncertainty. This deliverable uses inputs from previous deliverable D2.1 and

the result from this deliverable is going to be used in succeeding deliverables in WP2 as well as other workpackges
in the project. The deliverables related to this document are listed below.

Input from deliverables:
e D 1.5: Casual relationships between human/external factors and human driving behaviors: modelling
requirements & framework of testable hypotheses
e D 2.1: i4Driving Framework design & modelling and coding design principle

Output to deliverables:

D 2.3: Incremental versions of i4Driving / software library

D 2.5: Integrated LC model with social interactions and HF models for perception & response — verification
and calibration results

D 3.5: Report on the Turing test of the probabilistic 4D library of human driver behavioural models

D 4.5: Open-source library of validated probabilistic human driver behavioural models

D 6.5: Human driver models as baseline for PEARS

D 6.6: Human driver models as baseline for ADS consumer testing campaigns of ADS

D 6.7: Human driver models being used in a mix and constantly evolving traffic ADS testing

D 6.8: Human driver models used for the safety and traffic/energy efficiency evaluation

D6.9: Human driver models used for the insurance qualification scheme.

D2.1 is the most relevant deliverable that its output provides inputs to this document. In the next section, as
summary of D2.1 is presented.

(@) i4DRIVING




1.4 Summary of Deliverable 2.1

In microscopic traffic simulation models, the driving task is considered a control task where stimulus-response
processes control vehicles in a virtual environment. In principle, stimulus and response processes are governed
by an information processing mechanism, in which the simulation environment is observed (perceived) by the
driver model and translated into stimuli, such as distance gaps and speed differences, and respective responses,
such as acceleration/deceleration, lane choice/lane-changes/steering and gap-acceptance. Human Factors (HF)
like fatigue, age, and gender and all relevant mental states, like attention and distraction, and drivers’ traits such
as skills, aggressiveness, and preferences can play a fundamental role in this mental information processing
mechanism.

The conceptual framework of the human-driver model disentangles operational collision-free models from all the
cognitive information processing processes that take place at strategic, tactical levels (see Figure 1). This
separation means that one can easily integrate any collision-free driver models into this framework and therefore
the framework remains model-independent. Within the cognitive layer, the mental processes leading to driver
awareness are also disentangled from human factors. This enables explaining inter-/ intra-driver heterogeneity
both exogenously and endogenously.

The conceptual framework depicted in Figure 1 outlines a hierarchical driving process that operates at three distinct
levels: strategic, tactical, and operational. At the strategic level, drivers make long er-term decisions, such as
selecting a particular driving path or lane. As the driving task progresses, mid-term decisions arise, such as
changing lanes to merge onto a different highway or to overtake a slower vehicle. Adjusting desired speed and
behavioural adaptation are also part of drivers’ tactical decisions. These decisions at the tactical and strategic
levels ultimately manifest as operational level actions, such as steering, accelerating, or decelerating.
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Figure 1: The conceptual framework of the i4Driving human driver model

AV w ™ - —

To make these decisions, a plethora of cognitive and information processes occur within the driver's brain. An
abstract representation of these processes is captured through mathematical models in the cognitive layer of the
human driver model. This cognitive layer encompasses various aspects, including driver awareness, human
factors, and mental state, that all contribute to the decision-making process. The processes and parameters of the
cognitive layer enable drivers to respond to stimuli perceived and anticipated from the environment. In the next
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chapter, we focus mainly on explaining the theory and principles used to model human driving behaviour at the
tactical and cognitive levels.

2 Modelling Human driver Behaviour

Human driver models are essentially mathematical constructs (sets of equations) that mimic human behaviour to
control the longitudinal (free driving, car-following) and lateral (lane-changing, crossing) movement of vehicles in
a virtual environment. These models make assumptions on how drivers adapt their speed based on certain
perceived variables, such as the distance to their leader and the speed of the leader. These models often require
incorporating perception and anticipation processes in traffic flow modelling where the modelled drivers can
observe the environment, anticipate the traffic conditions further downstream, and use reaction times dynamics to
respond to changes in stimuli (e.g., through a set of actions that can be carried out at the decision point). To
streamline the discussion, we frame the human driver model as equation 1 where F represents a set of different
possible functions that can replicate driving behaviour:

Ry(t+7,()) = F (st;(£),6;(®), w; () 1)

in which R;(t) denotes responses (e.g., acceleration in car following); t;(t) reaction time; st;(t) a set of available
stimuli (e.g., speeds, speed differences, distance, and time gaps with respect to ego vehicle i and its leader(s); 9;
a set of driver preferences ( e.g., desired speed, desired time gap, desired/confort deceleration rate, etc.); w;(t) a
set of characteristics of the perceived environment for driver i that may affect the response (e.g. number of lanes,
sight distance, distance to lane drop, etc.). Inthese variables, subscript i denotes driver i and t denote continuous
time.

At its operational level, human driver models include two main control mechanisms F(-) that can relate stimuli
st;(t), driver’s preferences 0;(t), and characteristics of perceived environment w;(t) to the appropriate response
R;(t). These two main mechanisms are car-following and lane changing manoeuvres that control longitudinal and
lateral movement of the vehicles in the simulation environment and are complemented with crossing and turning
at intersections. Please note that the i4Driving human driver conceptual model is generic, meaning that any type
of car following and lane changing model can be plugged into the framework. But for implementation, specific
models and criteria have to be considered. In the next sections, we explain the specific implementation of this
conceptual framework for the i4Driving model library.

2.1 Operational Level (Stimulus-response models)

2.1.1 Car-following model

The i4Driving human driver model employs the IDM+ (Schakel et al., 2012) and optionally IDM (Treiber et al.,
2000) to govern the longitudinal movements of vehicles within the simulation environment. IDM+ stands as a
modified version of the Intelligent Driver Model (IDM) introduced by Treiber et al. (2000). What sets IDM+ apart is
that it separates the free and car-following terms and determines the minimum instead of superimposing these
terms. This unique methodology results in more realistic capacity values, achievable under sensible parameter
settings. The car-following acceleration is determined using the following equations:

_ | OO N
a(t+ 1)) = Qfan mm(l B < v ) o (Sk(t)> )l
v, (0) Av(t) v

2 ’ai‘naxbckomf
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where 7, denotes the reaction time. Preferences of drivers are represented by parameters ak, ., which is the

maximum acceleration; b, the maximum comfortable deceleration; v§ the desired speed (will be introduced

later in Equation 16); T, the desired time gap, and sk the min distance between stationary vehicles. Furthermore,
we have three stimuli that are the prevailing speed v, (t) of driver k; speed difference with the leader Av,(t) =
v, (t) — v, (t); and the distance gap with the leader s, (t) = x,_; (t) — x;(t) — ,,_,, where x is the nose position
of a vehicle and [,_, is the length of the leading vehicle (i.e. s, is the net gap between vehicles).

2.1.2 Lane changing model

For simulation of the lateral manoeuvres of vehicles, we use the Lane-change Model with Relaxation and
Synchronization (LMRS) (Schakel et al., 2012). This model is also extended to incorporate driving strategies and
social interactions, which will be discussed later in this section.

The main concept of the LMRS is about lane-change desire which stems from a number of lane-change incentives.
The lane-change desireis determined by d = d,. + 0, (d, + d,,) where d represents the general lane-change desire
toleft or right (we drop the left or right index for readability), d,. signifiesthe desire related to route and infrastructure
changes and represents driver’s willingness to follow a route, d, reflects the desire to maintain or increase speed
and represents drivers’ willingness to gain speed, and d,, is a bias towards the rightlane and represents drivers’
willingness to keep right. All these desires can have negative values and are normalized. Additionally, 6,
represents the degree of voluntary incentives, decreasing as d,. increases (6,, is a function of d,.). As the Figure 2
indicates, the accepted headway and deceleration for a lane-change varies depending on the level of lane-change
desire.

Based on the value of lane-change desire, four actions are defined based on the value of d, 0 < dj., < dgype <

Aeoop < 1.
1. Ford < dg., the desire is too small for a lane-change to be performed,
2. For dppe, < d < dgyp., alane-change is only performed if it happens to be possible without preparation
(e.g. speed adjustment).
3. Fordgy,. < d< d,, the driver will adjust speed and position to the target lane (synchronization) in order
to increase the chance of an adjacent gap to become acceptable.
4. Finally, for d.,,, < d, the follower in the target lane will cooperate and provide a gap.
dfree dsync dooop
Synchronization no ' no : yes ] yes
Gap-creation no : no ] no ! yes
Headway ) ! — ) - !
Deceleration [ ' '
No LC : FLC : SLC : CLC R
Lane change desire (d) !
A
Follow route Gain speed Keep right

Figure 2: Overview of LMRS incentives (Schakel et al., 2012)

2.1.2.1 Speed incentive

In the context of lane-changing behaviours, it is assumed that drivers switch lanes to be able to drive at their
desired speed or at least a speed closer to their desired speed. Additionally, drivers are remarkably anticipative in
their speed assessments, often resorting to flying takeovers whenever feasible to avoid actual speed loss. This
anticipation speed in relation to their desired speed serves as the basis for evaluating their desire to change lanes.
Several assumptions underpin the speed incentive mechanism: firstly, a full desire to change lanes is experienced
when there is a speed gain of v ;. Secondly, the desire is directly proportional to the speed gain. At high speeds
(when anticipated speed is greater than critical speed), drivers tend to ignore potential speed gains in the right
lane. Moreover, the desire to change lanes diminishes during acceleration of the ego vehicle, with the introduction
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of areduction factor (denoted as a,;,) to account for this effect. This reduction factor modifies the overall desire,
ensuring that driver behavior dynamically adapts to the changing speed conditions.

Amax — Max (v, 0) (4)
again =

amax

In this equation, a,,,, is the maximum acceleration from the car-following model and v Is the current acceleration
of the vehicle. Introducing A, = 1 if the lane-change is allowed or A, = 0 when not, we can define the speed
incentive as follows:

i—-1 _ 4,0
vant Uant

Li-1 _
di,i—l _ again v As =1
N - gain
0 AT =0
3 i+1 _ 50
mln(vant Vant» 0) Ai’i+1 =1 d 5
again S = lana Vg, > Vcrit ( )
Ugain
di,i+1 — vi+1_vi -
s ant ant i+l
again v As =1land Vant = Verit
gain
0 Ai,i+1 =0
S

where i-1 and i+1 are the left and right adjacent lanes respectively, v,,, and v, are the anticipated and critical
speed respectively. The anticipated speed represents to what extent drivers take account of downstream vehicles
and critical speed is a speed at which a driver considers traffic to be congested. It is important to note that any
potential speed loss incurred when moving to the right lane is consistently weighed against other incentives. Since
the speed incentive relies on anticipation speed, it is contingent on the behaviours of vehicles with d > d,,,
adjacent to the lane considered (for more information refer to Schakel et al. (2012)). When neighbouring vehicles
adjust their speed to find a gap , a driver on current lane might be prompted to initiate a courtesy lane-change to
create a gap for another vehicle in the adjacent lane, reflecting a cooperative aspect of driving behaviours.

2.1.2.2 Route incentive

In situations where the current lane doesn't permit following a designated route, a desire for a lane-change
emerges. This need might arise due to lane endings or changes in lane direction. Several assumptions guide the
determination of this desire. First it is important mentioning that at relatively high speeds, the remaining time per
required lane-change to the diverging location is the primary factor influencing desire. Conversely, at lower speeds,
the remaining distance to the diverging section becomes the key factor shaping desire, with a starting point at a
remaining distance of x, or time of t, per lane change. Desire linearly increases, approaching full desire as the
remaining time or distance to the diverging section decreases. Notably, desire linked to the route incentive persists
even when the lane-change is currently not feasible. This assumption can trigger synchronization upstream of an
actual diverge location, aligning with common practices at diverging points. In determining desire for the route
incentive, x represents the remaining distance to the diverging section, t. = x./v indicates the remaining time
given the current speed v, and n. represents the number of required lane changes, all specific to lane i.
l L
di=max(1-—2— 1-—"_ ) ©)
ny. - x, ni-t,
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nL: number of required lane change
Xo: remaining distance per lane change
xL: remaining distance

t! = x./v: remaining time

2.1.2.3 Keep right incentive

This incentiveis to add keep right rule to the lane changing behaviour. In many countries, drivers are supposed to
keep right (drive on the most possible right lane) unless they want to overtake or there are slow vehicles driving
on the rightest lane with speed relatively lower that desired speed. In LMRS, adding a simple incentive, like a
constant bias toward the right lane, encourage simulated drivers to shift right. In the absence of slow-moving traffic
on the right lane over a substantial distance, drivers are inclined to switch lanes to the most possiblerightlane. In
such scenarios, we only need to compensate the lane-change threshold (d;,..) whenever a vehicle anticipates
unhindered speed on the rightlane. Another influence on right-keeping behaviour is a downstream turn. Drivers
are not willing to change right if that lane will turn into a wrong direction, even in light traffic condition. In these
cases, the driver experiences a slight negative desire to change lane to right. Under this condition, we assume
that drivers do not obey traffic keep-right rule. In short, drivers will obey the keep-right rule only if the situation on
the right lane is not worse for speed and route.

2 = (7)
dli;i"'l = { dfree v(%% = vdes and dii*’l > 0
0 otherwise

where v, is the desired speed and v,,,; the speed the driver anticipates it would drive on lane i+1.

2.1.2.4 Consideration of incentives

Depending on the urgency of mandatory lane changes, drivers may (partially) ignore voluntary lane-change
incentives. We therefore use 6, whichis the level at which voluntary desire is included in the decision. It depends
on the level of (negative) mandatory desire, as this may become dominant. It depends on the level of (negative)
mandatory desire, which might dominate the decision. We consider the total voluntary desire,d,, = dg + d,,. If
both voluntary and mandatory desires share the same direction (either negative or positive, d, - d, = 0),
voluntary desire is fully included as it aligns with mandatory desire. However, if voluntary desire conflicts with
mandatory desire (d, - d, < 0), only a partial inclusion of voluntary desire occurs. In situations of robust
mandatory desire (|d,.| > d.,p), be it negative or positive, voluntary desire is disregarded. Conversely, for milder
mandatory desire (|d,.| < ds,,.), voluntary desire is fully considered. In the intermediate range, the incorporation
of voluntary desire follows a linear interpolation method, This is expressed in Equation 8.

(0 d,-d, <0and |d7| = d,pep
ij _ dcoop - |d£j| ij
o) = {——2—"— d,-d, <0and dgn. < |d/| < dcoo (8)
dcoop - dsync Y v
l 1 d.-d, > 00r |d7| = dg,p,

2.1.2.5 Gap acceptance and creation (relaxation and synchronization)

For most lane-change models, gap-acceptanceis either a simple function of distance and speed difference, or is
based on a car-following model to determine resulting deceleration. The first class of gap-acceptance models fails
to include car-following dynamics while for the latter class it is assumed that drivers accept smaller gaps through
a larger acceptable deceleration. However, in reality, drivers will mostly apply small decelerations and will accept
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smaller time headways for some time, as is shown empirically for merging traffic (Daamen, W et al., 2010). This
phenomenon is known as relaxation (Sultan et al., 2002).

Another important aspect of lane changing is lane-change preparation, in which drivers may adapt their speed,
align with a gap and in which another driver may create a gap. We will refer to this lane-change preparation as
synchronization, as drivers synchronize with an adjacent lane.

Gap-acceptance and relaxation
A gap is accepted or rejected based on the resulting deceleration that follows from the car following model. Gaps
that result in deceleration that is too large, are rejected as they are unsafe, uncomfortable or impolite. This is
similar as in MOBIL (Kesting A et al., 1999), except that the applicable headway is changed. The gap is accepted
if both the lane changer ¢ and the new follower f will have an acceleration that is larger than some safe deceleration
threshold —b¢ asin v9 > —b°d¥Y*< with g € {f, c }. For clarity we explicitly mention to which vehicle the parameters
pertain. The headway for both the lane changer and the new follower is given by:

T9 (dif'c) =min( TI(t), die Trﬁ + (1 — diuc) T,ﬁax) 9

in
where,

T9(t) Current following time headway of vehicle g including previous relaxation.
TJ.. Regular following time headway of vehicle g.

T  Minimum following time headway at maximum desire of vehicle g.

dY¢  Lane-change desire of vehicle limited between 0 and 1.

The Equation 9 implies that with higher lane-change desire, drivers are willing to accept greater decelerations and
shorter headways. When a lane-change is initiated, both the following vehicle and the leading vehicle should adjust
the value for T9(t) to the value of T9(d¥°). The relaxation of the headway value is assumed exponential with
relaxation time t,. and gets updated with time step At.

(Topax — T(t — D)7, (10)

T(t) =T(t —At) + AL

Gap-acceptance and synchronization

When lane-change desire is above the synchronization threshold (see Figure 2), drivers will start to synchronize

their speed with the leader on the target lane by applying the car-following model resulting in ﬁsi{,m. Drivers will
apply a maximum deceleration of b which is considered a both comfortable and safe deceleration. The maximum
deceleration for speed synchronizationis given by ﬁj{mc > —b. If an adjacent leader wishes to change lane with a
desire above the cooperation threshold, a gap will be created. Gap creation is very similar to synchronization and

we again apply the car following model with a limited deceleration as in equation.

2.1.2.6 Social interaction incentive (tailgating)

The i4Driving human driver model expands existing lane-changing model(s) by introducing a social interaction
incentive d; to equation 4. In this section we explain how this incentive can be calculated and how its value can
simulate tailgating behaviour.

d=d, +86,.(d,+d,+d,) (11)
By social interaction, we mean a mechanism wherein two new driver traits, ego-speed sensitivity, and socio-speed

sensitivity, intrinsically influence other driver traits governing lane-change behaviour, such as desired speed,
desired headway, and lane-change desire. A pivotal concept within this mechanism is that drivers are influenced
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not only by events unfolding in front of them but also by observations made through their rear-view mirrors. This
concept explains that drivers deliberately reduce their headways to apply social pressure on leading drivers in the
same or adjacent lanes. This pressure may compel them to accelerate, change lanes, or conversely, refrain from
making a lane change. We term this reduction of headway as tailgating. Research shows that such social
interaction may have a profound impact on several key traffic flow characteristics (Schakel et al., 2023; Ekbatani
et al., 2016).

Figure 3 shows typical cases of social interactions between drivers. Figure 3a shows a driver following a truck who
may feel considerably suppressed in overtaking this truck in case of high social pressure p. Figure 3b shows a
driver who has just overtaken a truck and may feel considerably incentivised in changing to the slow lane in case
of high social pressure p.

N R N RN R b) p p
===0
Figure 3: Typical cases of social interactions in traffic flow. The dark vehicles constitute the Follower-Leader pair

considered. One case is “stay out of the way” (a); and the other case is “get out of the way” (b). (Schakel et al.,
2023)

Social interactions are represented through a dynamic state variable called social pressure (p), formalized within
the system. The perceived intensity of social pressure is context-dependent, primarily communicated to the leader
through the act of reducing headway, commonly known as tailgating. The theory incorporates several mechanisms
rooted in social pressure, examined from two perspectives: that of a driver exerting social pressure, and that of a
driver undergoing social pressure.

If a driver desires to drive faster than the leading vehicle, a social pressure arises. The extent of which depends
on the ego-speed sensitivity and how much the driver wants to go faster than the leader. The social pressure is
communicated through a short headway with the leading vehicle. To mitigate this pressure, the leading driver can
adopt two strategies. Thefirstinvolves accelerating, aresponse constrained by the leader’s ego-speed sensitivity
yet bolstered by their socio-speed sensitivity. The second strategy entails changing lanes, the extent of which is
influenced by the leader’s socio-speed sensitivity. Notably, if the leader faces limitations imposed by its own leader,
the lane-change desire is less affected. This adaptive approach ensures that a leader retains their lane position if
it offers minimal utility in the given circumstances.

To incorporate the driving strategies introduced above, First, we introduce the ego-speed sensitivity (¢) dimension
and then we elaborate the socio-speed sensitivity (o) dimension. In the LMRS model, the parameter v, defines
the speed difference between lanes at which the maximum lane-change desire occurs (refer to section 2.1.2). A
lower vy, indicates higher ego-speed sensitivity, as evenslight speed gain between lanes triggers the maximum
lane-change desire. Equation (12) establishes a meaningful connection between € and the LMRS. This, however,
does not limit the framework to LMRS meaning that in any lane-change model having a parameter reflecting

sensitivity to ego-speed, ego-speed sensitivity and socio-speed sensitivity can be incorporated.

1 (12)

Ugain

€ =

For the inclusion of socio-speed sensitivity (o) in the lane-changing model, we need to quantify the social pressure
p perceived by a leader (L) and exerted by a follower (F). We define the social pressure exerted by a follower as
proportional to the differences between the speed of the leader v! and the desired speed of the follower vj,,. To
guantify social pressure, we should logically consider that for drivers with larger ego-speed sensitivity €, the applied
pressure is larger. Equation (13) describe this phenomenon.
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0, otherwise

first, Equation 13 includes the distance factor (1 —s/x[) that applied such that social pressure diminishes for
leaders far away (note x} represents a max-look-ahead distance, anticipation distance, in the LMRS model).
Secondly, we use an exponential function such that behaviours from social pressure quickly arise but stabilise
fairly quickly as well. So, for p getting closer to 1 (i.e. large speed differences and/or small gaps combined with
high ego-speed sensitivity of the follower) drivers show behaviour that is as risky as they are willing to allow.

Tofacilitate tailgating, it is necessary to establish a mechanism that enables followers to exert pressure on leaders,
even those who are not inherently responsive to such pressure, by maintaining short time headways. The LMRS
provides a natural way to do this. In modelling relaxation in LMRS, the desired time headway T is dynamically
adjusted between T,,,, and T,,;, during the relaxation period (see equation 9). When a lane-change is initiated,
the current value of T is temporarily set to some lower value, with subsequent steps gradually relaxing the time
headway back towards T,,,,. Similarly, inthe presence of social pressure, the follower’s desired time headway (T)
can be kept low by setting it according to equation (14),

T =min (T',p. Tpin + (1= p).Tra) (14)

where T' represents the desired time headway based on the relaxation phenomenon (see equation 9). If social
pressure dissipates, for instance, due to the leader changing lanes, the value of T will naturally relax back to Ty, .«
as determined by T', the restrictive term in equation (14) for lower values of p.

With these components established, we can actively shape the driving behaviours of leaders by incorporating
social pressure exerted by the follower. To account for these behaviours, we introduce the parameter g, ranging
from 0 to 1. A value of O implies driver's lack of responsiveness to social pressure, whereas a value of 1 indicates
a high sensitivity to it.

Due to the social pressure, three behaviours are expected from drivers (a) get out of way; (b) stay out of way; and
(c) increase desired speed.

Get out of way

The level of the lane-change desire depends on ¢ making socio-speed sensitive drivers more inclined to get out
of the way of fast vehicles approaching from behind. Hence, we model the extent of this new lane-change desire
with opf, which is a value between 0 and 1. Note that the value of o determines to which extend a driver is socio-
speed sensitive.

d, = opf 15
g

Drivers must meet specific conditions for them to consider this incentive and exhibit the associated behaviour.
These conditions, include:
Ar'ght = 1: 3 lane-change to the right lane is possible and legal.

d:‘ght > 0; lane-change desire dictated by infrastructure/route does not conflict.

v > v Wha; there’s no congestion (there is no point as traffic is constrained then).

apf > pt; the social pressure exerted by the follower is greater than the social pressure that the ego vehicle is
exerting on its leader (where multiple vehicles are tailgating each other).

If these four conditions apply, we set d, = op” resulting in ‘get out of way’ behaviour, otherwise “0”.

Stay out of way
These conditions and the resulting incentive to move towards the left (the fastlane) is essentially the mirror image
of the increased desire to move to the right (the slow lane). Consequently, the difference lies only in the sign of
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the incentive (d, = —opf) and considering potential social pressure in the left lane, resulting in ‘stay out of way’
behaviour.

Increase desire speed

In some situations, drivers might temporarily increase their desired speed. We now finally discuss how we increase
the desired speed for socio-speed sensitive drivers. The resulting desired speed model is given in equation (17).
The increase of the desired speed relative to the base model can reach up to opf /e depending on v,,,,. With ¢ =
1/v4qim(specifically for the LMRS, for other lane changing models e should be defined accordingly)this results in
O'PFVgain- Inillustration, in case of high social pressure (e.g. pf = 0.75) and a driver both ego- and socio-sentsitive
(€.9. Vgain = 25km/h, o = 0.75) the speed is increased by 14km/h.

ap” ) (16)

Vp = mMin (vmax' fspeed'vlimit + €

where fg,..q implies to what extend drivers comply with legal speed limit. To summarize, the LMRS is extended
with a notion of social pressure p applied to the leader which depends on the ego-speed sensitivity €. This leads
to tailgating of the follower, which in turn has two behavioural effects on the leader. The leader has increased lane-
change desire and increased desired speed, depending on its socio-speed sensitivity ¢ and its ego-speed
sensitivity ¢.

2.2 Modelling of drivers’ cognitive process

The human driver model, at its cognitive layer, contains three mental state variables: situational awareness SA(t),
driver task demand TD(t), and anticipation reliance AR(t). Situational awareness SA(t) encompasses various
dimensions of perception, including focus and distraction, as described inresearch by Endsley (1995) and Wickens
(2008). On the other hand, driver task demand TD(t) is a concept frequently used in studies to explain driving
performance under a wide range of conditions, as seen in the works of Precht et al. (2017b) and Teh et al. (2014).
In simpler terms, TD(t) represents the cumulative mental workload imposed on a driver by various cognitive tasks
they are engaged in, while SA(t) gauges how well a driver is aware of their surroundings, especially the stimuli
necessary for safely and efficiently executing the driving task. Finally, the human driver model is equipped with
the concept of Anticipation Reliance AR(t), which refers to a projected timeframe during which a driver can
confidently engage in various tasks without encountering a cumulative impact of task demands. AR is defined as
the anticipated duration of safety, accompanied by a predetermined level of trust and confidencein the forecasted
period. This innovative approach empowers drivers to multitask effectively without overwhelming cognitive
demands.
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Figure 4: conceptual modelling of cognitive layer

In our framework, TD(t), SA(t), and AR(t) are dynamic, meaning they change over time and space. These dynamic
mental state variables have a direct impact on various driving parameters, such as reaction time, the frequency
and magnitude of perception errors, and how drivers respond to factors like distance gaps. In the forthcoming
sections, we explain the mechanisms at the cognitive level.

For nearly two decades, the ground-breaking research conducted by Endsley (1995) on Situational Awareness
(SA) has stood as one of the fundamental works of human awareness and decision-making, as acknowledged by
Wickens (2008b). Situational Awareness (SA) is defined as "the perception of elements in the environment within
a volume of time and space, the comprehension of their meaning, and the projection of their status in the near
future.". The three level of situational awareness (Perception, comprehension, and projection) can translate to
Perception, Task saturation, and Anticipation when simulating driving behaviours (See Figure 5). In the
following subsections we deliver a more comprehensive description of these concepts and how they are
incorporated in the i4Driving model.

X 1T
perceive understand predict

Perceivable |;‘> Mental |:||> Instantaneous |;‘> Anticipated

Waorld (PW) Warld (MW) Stimuli (S) Stimuli (A)
: Objects: ‘Objects: ;Variables: ‘Time series of variables:
= yehicles ‘= yehicles L+ Gaps '+ Baps

@ |= environment i+ environment |+ Speed (differences)  + Speed (differences)
\= information -+ information leete ete
& 5 ot
time

T‘” * physical reecnon time Driver decisions & actions

3 : attention time-lag 5.I° . physical reaction time 5

Total reaction fime t=ta+1®

Figure 5: The conceptual framework of the awareness in i4Driving human driver model based on Endsley.
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2.2.1 Situational awareness level 1: Perception

Perception entails recognising the status, attributes, and dynamics of specific relevant elements within a person's
environment. In the context of driving, this includes observing surrounding vehicles and road infrastructure, as well
as sophisticated behaviours and movements related to other vehicles and drivers.

2.2.2 Situational awareness level 2: Comprehension (Task saturation)

Comprehension involves variables that describe how well (in terms of accuracy and efficiency) a driver is able to
translate perceived information into stimuli. In our simulation framework, we describe task demand as the effort
required for processing information (in a given time) to complete a task, like avoiding a collision with the vehicle
ahead. These tasks may be related to driving (car following, gap assessment, lane changing) or to non-driving
related tasks (e.g. a telephone call). Our main hypothesis is that we can create fundamental diagrams of task
demands (FDTDs) based on individual trails and specific driving circumstances for various driving such as
overtaking, weaving, responding to signals, and non-driving related tasks such as a phone call. The total task
demand describes the cumulative workload of a driver (this assumption will be relaxed later by introducing the
anticipation reliance concept) that is calculated as:

TD,(t) = Z TDE(t) (17)
a
We define task saturation TS(t) as the degree to which the workload TD;(t) saturates the drivers' capability (TC;(t))

to drive safely.

TD;(t) (18)

IO =76

If task saturation, denoted as TS;(t), approaches or surpasses 1, the driver's performance deteriorates. This
performance deterioration may take the form of changes in awareness, such as increased perception errors and
prolonged reaction times. Additionally, it results in changes in responses, with sensitivities becoming either more
subdued or exaggerated, and can also impact various driver traits.

2.2.2.1 Fundamental diagram of task demand

Driving task demand can be expressed as a function of variables that drivers perceive from the environment. Let’s
consider the task demand for a car-following task as an example. For the car-following task, the task demand can
be assumed to vary depending on the time headway to the vehiclein front, i.e. the task is more demanding when
the time headway to the vehicle in front is lower whereas with longer headways under lighter conditions this may
consume a fraction of the capacity of drivers’ information and decision making processes. task demand for
conducting a lane-change can be assumed to depend on density, available gaps, time to diverge point, etc. Since
this is the same factors included in modelling of the lane-change desire (see section 2.1.2). The lane-change
desire can maybe be used to describe the task demand of lane changes. For the secondary (non-driving) tasks
like distractions due to accidents, distance to distraction point (accident point) can play a role in task demand as
the closer a driver gets to the distraction point the higher attention and mental processes it requires. Overall, these
variables can shape a so-called fundamental diagram of task demand (FDTD) for each driving and non-driving
task. The following illustrative example shows how the i4Driving human driver model cognitive layer works in a
car-following scenario.
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Figure 6: Illustrative example of i4driving human driver model (van Lint and Calvert, 2018).

The time headway is denoted h in the figure.

In this scenario, under light traffic conditions, the driving task demand (TD) is significantly lower than the driver's
task capacity (TC). However, in dense traffic conditions with a shorter time headway, the task demand approaches
the driver's task capacity (van lint and Calvert, 2018).

At time stamp 3, the driver receives a phone call, introducing a non-driving related task. Initially, the phone call's
task demand is high but gradually decreases over time until it reaches a certain threshold. During the phone call,
the driver's task demand surpasses his/her capacity, resulting in saturated driver workload. This can lead to a
perception error due to diminished situational awareness (van Lint and Calvert, 2018).

In response, the driver relies on anticipation and adapts their behaviour by increasing the time headway to alleviate
the workload. Once the call ends, the driver accelerates to their desired speed (Calvert et al., 2020).

To draw these FDTDs for car-following, lane changing manoeuvres, distraction, and non-driving related tasks
(NDRT), we need to define a function that links between variables and parameters of the operational and tactical
models (e.g. time headway, desired speed, desired lane change, distance to diverge or distraction point, etc.) and
state variable of the cognitive model layer that is task demand.

Car-following Task demand fundamental diagram

For the development of the human driver model in the i4Driving project we initially use scientific reasoning to come
up with two hypothetical fundamental diagrams for the car-following FDTD (see Figure 7). This reasoning is based
on an arbitrary reasonable assumption that a driver operating with headways smaller than a certain threshold,
hi.in, NEcessitates amaximum level of information processing capacity TC; = 1. That implies TDEF = TD}, . cr tO
perform like an "ideal driver", which can be modelled with any common car-following models like IDM or IDM+.
Conversely, when the headways exceed hi seconds, the driver experiences a much lower level TDEF = TD{ . In
between, we assume a linear reduction in task demand (we can assume exponential as well, see Figure 7).
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Figure 7: Two hypothetical car-following task demand fundamental diagrams (Calvert et al. 2018, 2020)

To be precise, we define the Fundamental Diagram of Task Demand (FDTD) for car following as a function of the
time gap, denoted as h = v;(t) A s;(t), according to the following expression:

7§1ax,Cf h= h;.nin(a)
, h — Rt ; - j j
TD{" () = { TDax,cr — m(TDrlnax,Cf —TDocr) (@) <h < hj (19)
min 0
D (i)‘cf h > R}

In which we assume that driving in a common car-following fashion requires a minimum task demand TD{ = 0.5.
Accordingly, we considered that the maximum level of task demand in car fallowing is 1 (100%). We also
considered k!, (a) the minimum headway and set h}, to 3 seconds representing the maximum threshold headway
value. We express the minimum headway as afunction of deceleration, denoted as a = a,(t), to accurately capture
the impact of strong decelerations, such as emergency braking, on task demands. Our proposal considers
significant rises in task demand under these circumstances.
a+Dbeoms \,; i
B (@)= (1 + - biom) Ronin a< —bloms

hi i Otherwise

(20)
where we assume bl =8m/s? represents the maximum braking acceleration and b;’omf =3m/s? is the
comfortable deceleration expressed as a positive value.

Another reasonable way of defining the fundamental diagram of car-following task demand is given by equation
22 where h,,,, describes the level of exponential decay of task demand as the headway increases (see Fig 7) that

capture to how quickly task demands increase or decrease under different time-gap.
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TDCf(t) = e_h(t)/hexp (21)

Lane-changing Task demand fundamental diagram

The same approach is used to derive the fundamental diagram of task demand for lane changing manoeuvre. In
i4Driving human driver model the reasonable arbitrary assumption regarding lane-change is that the task demand
linearly increases or decreases with lane-change desire d (Equation 11) the level of which determines resulting
lane-change behaviour. Since the lane-change desire is assumed to be a good proxy for how demanding a lane-
change is and how much drivers’ information processing is involved to search for a gap and to synchronise the
speed and time headway with other vehicles , we therefore assumed that the task demand and lane-change desire
may have linear relationship meaning that the higher the lane-change desire the more task demand the lane-

change will pose on drivers’ mental state (see Figure 8).
TDLc

1

0.8

0 05 1
d[]

Figure 8: Hypothetical Lane-change task demand fundamental diagrams (Calvert et al. 2020)

TDLC = max (O, dZ) (22)

max
ze{left,right}

Distraction Task demand fundamental diagram

For the distractiontask (if the distraction source is outside the vehicle e.g., an accident in the opposite lane), we
assume that this distraction puts a task demand on the driver relative to a distraction point (See Figure 9). One
may need to develop a fundamental diagram of task demand for each type of distraction. Here, We present an
example for accident.

, i
min med dmax

Distraction point
Figure 9: hypothetical scenario illustrating distraction point due to accidents.

Here, we employ a linear model for task demand, starting from di,;,, = —400 meters heading to the distraction
point. This demand steadily increases until it reaches a maximum level (TD}ccigent = TDjiccigentmax)- ONCE the
distraction is encountered, the driver maintains this level for the next d:,,, = 200 meters, after which they gradually
recover until they reach to the point d},,, = 400 . Therefore, we define a task Demand (FDTD) for the distraction
based on the distance to the object causing the distraction (d = x;(t) — Xgccigent) @S follows:
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) d
{TDﬁccident,max (max(O, 1-— 7 )) d<o

min
TDAiccident (d) = TD}lccident,max 0 <d <dpeq (23)

TDAccident,max 1 —min 1'W med = d < dmax
max

med

In which the maximum task demand for a distraction caused by an accident is TD}.cigentmax = 0-8. A potential
interpretation of the 80% maximum task demand while passing the distraction is that the driver engages in
extended glances at the accident, occasionally shifting focus briefly to the road ahead, maintaining a ratio of
approximately 4:1 (80/20). Given that both visual tasks rely on the same information channel (vision), they are
mutually exclusive. The specified distance values offer a reasonable estimate of the points on the road, especially
at high speeds, where a driver might find it necessary to divert attention toward the accident.
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Figure 10: Hypothetical task demand fundamental diagram for distraction caused by accident (Calvert et al. 2018,
2020)

Non-driving-related task demand fundamental diagram

Non-driving-related activities encompass tasks that do not pertain to operating a vehicle, including activities like
adjusting comfort settings, utilizing infotainment systems, communicating with passengers or remote individuals,
and consuming food or beverages. Similar to distraction, one may want to define a FDTD for any types of non-
driving related tasks. Here we explain developing a FDTM for phone call as an example. At the start of the call,
the task demand is at its peak 1, gradually decreasing in a linear fashion until it reaches a minimum threshold.
Non-driving-related tasks disappear once the call ends (see Figure 11).

TDcay

>t
Figure 11: Hypothetical phone call task demand fundamental diagrams
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Having formulated the relationship between the perceived environment and the level of task demand, our next
step is to quantify how multiple task demands can lead to task saturation. Task saturation is described as the
extent to which total task demand saturates the available task capability TC.

2.2.3 Situational awareness level 3 (Anticipation and Anticipation Reliance)

The final level of situational awareness, level 3, is the prediction of future states and involves creating a future
mental world state based on the level 1 (perception) and level 2 (comprehension). Anticipation plays a crucial role
in mitigating risks, often known as anticipatory response or control. It involves modifying the cognitive state of a
system to neutralize potential threats before they are encountered (Fuller, 2005, 2011). By anticipating and
proactively responding to situations, individuals can effectively reduce some aspects of risk and enhance overall
safety.

The main driving task can be considered a single task or a set of sub-tasks, such a longitudinal driving and lateral
driving for example. Often a driver will face non-driving related tasks, which will place a further demand on their
workload. Anticipation acts as a way of compensating for potential threats and possible high cognitive load, but in
itself can also be negatively influenced by high cognitive workload, especially in the case of weak anticipation.
Anticipation relies heavily on the ability to perceive the environment and therefore is also influenced by level 1 and
level 2 of situational awareness. In general anticipation in combination with a certain degree of reliance, acts as a
cognitive ‘buffer’ that allows a human driver to perform multiple tasks while sustaining a reasonable total task
demand. We will clarify this line of thought with a simple example. Take a driver who is car-following but is also
trying to change lane. The driver is viewing various options in the adjacent lane looking for a gap. This is part of
the ‘lateral’ task and is performed actively (i.e. with eye movements and cognitive processing of gap information).
During this time, the driver continues to follow the leading vehicle, however, is not as consciously involved with
the longitudinal task. This is because of limited task resources or capacity. Instead, the driver takes a snap-shot
of the current longitudinal situation and anticipates that little will change for a certain (short) period of time (e.g.
0.5 seconds). The anticipation of the longitudinal situationis a ‘forecasted time-period of safety’. This anticipation
is also dependent on the driver’s experience and current state that allows them to make such a forecast. To model
this for a microscopic driving behaviour simulation, it is necessary to define a quantity that encompasses this role
of anticipation. Therefore, we introduce ‘Anticipation Reliance’ (AR) and define this as a forecasted time-period of
safety with a specific level of trust/confidence in that forecast. AR allows a driver to perform multiple tasks, while
not experiencing an aggregated effect of the task demand of these tasks. To understand this, we start by
highlighting the presence of primary and auxiliary tasks. A primary task is a task that uses a human’s main cognitive
effort at a specific time. By definition, all other tasks at that specific moment in time are defined as auxiliary tasks,
which can be (partially) sub-consciously processed, but do not demand the main immediate cognitive load at a
giventime. The effect of AR to reduce the task demand for the auxiliary tasks works by applying a reduction in
task demand for that specific task through reliance on anticipation. This is graphically shown in Figure. 12.
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Figure 12: accumulation of tasks demand and anticipation reliance (AR) (Calvert et al. 2020)

Integrating the concept of the AR into the modelling framework requires sketching the relationship between AR
and task capacity interface. The mental state of drivers accumulates task demand of various driving tasks
depending on their importance (mentally assigning task to primary and auxiliary tasks). It also depends on the
accuracy of perceived environment and consequently the confidence the driver has on his/her anticipation to rely
on.
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Figure 13: Relational overview of AR and TCI
We therefore formulate Anticipation reliance with a specific level of trust/confidence in that forecast.
AR = A(h)P, (24)

where, A(h) is the anticipated safety for potential cognitive unloading as a function of a specific variable, e.g., h
(time headway) for car-following. P, is the confidence of the anticipation, given as a perceived probability. In
general, AR acts as a buffer (unloading part of conscious workload and putting it on subconscious mental process)
to reduce the total task demand for a specific task when anticipation is applied to the task. We therefore can rewrite
equation 18 as follows:

TD(t) = ZTD?(t) - ZAR{-‘(t) (25)

where a is a set of driving and non-driving related tasks (e.g., car-following, lane changing, phone call, etc.) for
driver i. From this it is clear that when, for example, both longitudinal and lateral tasks are present, the total task
demand will not be the sum of both but reduced with the AR{* due to anticipation of the human driver of the tasks
on which they are not mainly focused on.

From Equation 25, it is obvious that there is a clear correlation between the values of AR{ and those of task
demand. We state that anticipation is predominantly applied to auxiliary tasks, e.g. tasks that are not the main
focus of a driver at a timet, therefore the task demand of the main tasks is not reduced heavily by AR. This means
that AR mainly applies to auxiliary tasks. However, what task is auxiliary depends on the situation that driver is
driving in. When a driver is only car-following, the longitudinal task is the main task and lateral tasks become the
auxiliary task for which anticipation is applied. Anticipation inthis case could be that no lane changes are expected
from a driver’s own or other vehicles. When lane-changing or preparing a lane-change, the lateral task is the
predominate task and the car-following task becomes the auxiliary task (albeit an important one), therefore a
certain amount of anticipation is required in regard to a forecast of the traffic situation ahead of the vehicle for the
coming (short) time period.

To demonstrate driver deficiency in regard to Equation 25 If a driver is not able to make a good estimate (affecting
A(h); maybe because of heterogeneous traffic speeds) or does not sufficiently trust their estimate (affecting P,;
maybe because of insufficient driving experience or some sort of impairment), thenthe AR value of the longitudinal
task will be lower and the TD.. will retain a large influence on the total task demand, possibly leading to task
oversaturation and reduced driving performance.

Using anticipation also can capture a human’s physical restrictions in not being able to actively engage in too
many active tasks at the same time. A driver is unable to look at a vehicle ahead of them and in their rear -view
mirror (in case of being tailgated, for example) simultaneously. Therefore, a degree of anticipation is required due
to physical restrictions as well as cognitive ones, which this approach captures.
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We previously stated that anticipation is mainly required for auxiliary tasks, however this is not exclusive, and
anticipation can just as easily be applied to predominate tasks to further improve driving performance. An example
of this is the ability of a driver to view multiple vehicles ahead (spatial anticipation) to anticipate how their leading
vehicle may act. However, AR also relies on how well anticipation can be performed. Using this example, when
being able to look a few vehicles ahead, the confidence of Pc is larger; the driver is confident about the anticipation
and can (and is willing to) rely on it. When closely following a truck that obscures the view, A(h) may be based on
the anticipation that the truck will keep a constant speed. Hence, A(h) is not small. However, as traffic ahead is
not visible, Pc is low. As a result, the car-following task demand cannot be reduced much by AR.

As simulated drivers accumulate task demands in the model, taking into account the reduced task demand due to
anticipation reliance, their mental state can become saturated due to the complexity of handling multiple tasks
simultaneously. We can then rewrite equation 19 as follows:

XaTDP () — T4 ARE(D) (26)
TC,

TS;(t) =

2.2.4 Respective response adaptations

In this section, we describe how the three levels of situational awareness (cognitive layer) would lead to
behavioural adaptations and drivers’ responses to stimuli in the i4Driving human driver model. Figure 14 shows
the overall information flow of the model starting with the perceived and anticipated erroneous inputs from the
environment. Perception can deteriorate by the reduced situational awareness which is as a result of task
saturation and ultimately can lead to behaviour adaptation (adapt speed and headway) in response for safe driving.
An overview of the relationship between state variables and responses is illustrated in figure 14.
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Figure 14: Overview of impact chain of mechanisms in i4driving human driver model.

Situational awareness is intricately linked to task saturation TS(t), defined in Equation (27) and illustrated in Figure
15. We assume a decline in situational awareness for values surpassing a critical threshold, denoted as TS,
The maximum task saturation is TS,,,,,. above which no further deterioration of situational awareness is expected
as we assume drivers always maintain a minimum level of awareness. The situational awareness level is then set
at SA,,;,- We consider such levels of task saturation unreasonable for a realistic model, as drivers will prioritize or
drop tasks. However, the values of TSmax and SAmin do determine the extent of deterioration of situational
awareness. However, the specific values assigned to TS,,,, and TS,,;,, determine the degree of situational
awareness degradation.

SAmax TS(t) < TS,
TS(t) = TS,

A max crit TS(t) > TScrit (27)

min
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SA

0.5

TS [-]
Figure 15: situational awarness in relation to task saturation.

The task saturation TS(t) is calculated based on equation (27). In order to calculate the TS(t) using equation 27,
we use the fundamental task demand diagrams introduced in section 3.2.2.1 (Equations 20-24).

The level of anticipation reliance in each task is regulated on the basis of priority. This is a dynamic process that
depends on the task demand level of each task. The priority assignedto a task is directly proportional to its task
demand; the higher the task demand, the higher its priority becomes. Consequently, tasks with higher demands
receive lower levels of anticipation reliance, as their significance necessitates more immediate and focused
attention from the driver. If the primary task demand decreases, primary anticipation reliance increases, though
never become larger than the primary task demand itself. This anticipation reliance in the primary task when it is
not demanding, provides task capability to the auxiliary tasks should these be demanding.

For lane-changing we assume that the maximum anticipation reliance is a fraction a of the task demand, while a
fraction of B applies to car-following. We assume that lane-changing is always the primary task, i.e., if a lane-
change is highly desired and requires attention, it will receive attention and is the primary task. Priority for primary
tasks (i.e. car following and lane changing) is then given by p(t) to the importance of lane changing, i.e. p(t) =
TD,(t) as compared to car following.

ARyc = a.TD  ()(1—p(0)) (28)
ARcp = B-TDcp (1) (p(1)) (29)

Setting a = 0.6 and B = 0.5, For the primary lane changing task it is clear that high levels of TD,. are always
accompanied by low levels of AR, .. As aresult, the total task demand may exceed a value of 1, but not excessively
and only if both tasks are demanding.

Given that the SA(t) (Equation 27) is deteriorated due to high level of task saturation (TS(t)), In the current
modelling approach this may have three consequences:

a) Increases the perception error,

b) Increases reaction time,

c) Response adaptation (increase desire headway, reduces desire speed)

In the following subsections we describe these three effects of reduced SA.
2.2.5 Perception error

If situational awareness is reduced below its maximum value, the errors in perceived gap and relative speed
increase. These errors are included by a factor ¢ as in Equation 30 and 31.

s () = &(t).sY(t) (30)
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AvI () = (). Avi(¢) (31)

where i is the subject vehicle and j is the perceived vehicle. The gap s (t) at time t is perceived as sY (t) and

speed difference Av¥ (t) = v — v/ is perceived as AvY (t). The error factor € defined in Equation (32) depends on
the value of situational awareness.

E(t) =1+y(SAmax — SA(t)) (32)

here, y determines whether the driver systematically underestimates (y = —1) or overestimates (y = 1) gaps and
speeds this parameter can be assigned from a distribution. We simplified by assuming that a single driver has a
fixed direction toward either under- or overestimating both distance and speed differences through the course of
the simulation.

The reactiontime (7) should also be incorporated to calculate the final perceived distance s, and speed differences
Av, at time t — 7. We assume that drivers compensate for their reaction time by anticipation using a constant-
speed heuristic. The perceived distance depends on the exact distance s;(t) the subject vehicle i has travelled
between t -t and t, and a perceived constant leader speed. The perceived speed difference depends on the exact
current speed of the subject vehicle i, and the perceived speed of the perceived vehicle j. These notions follow the
assumption that drivers are well aware of their own actions during the reaction time. Finally, we have u = 1 for
downstream vehicles, and y = -1 for upstream vehicles, as for upstream vehicles the gap is reduced when they
are faster than the subject vehicle.

(0 = 59— ) + 1wl (£ 70 — As (1) &

sz‘;j () = vi) —vi(t—T(®) (34)

2.2.6 Reaction time

We do consider an increase in (net) reaction time with an SA processing timelag (i.e. time for the three SA steps,
perception, comprehension and anticipation), again proportional to the decrease in awareness though Equation
35.

7(6) = Tmax(SAmax — SA(D)) (35)

where 1,,,, IS the maximum reaction time (see Table 1 next chapter for its value). In case of perfect
situational awareness, the reaction time is 0. Hence, 7 should not be interpreted as a physical reaction
time, but as a reaction time over which significant anticipation errors may accumulate (this reaction time
is considering the processing time of all the three SA steps: perception, comprehension and
anticipation).

2.2.7 Response adaptation

In line with the Task-Capability-Interface we implement a mechanism to compensate task oversaturation. We
assume that the primary method to alleviate task demand is increasing the headway or decreasing desired speed.
In order to implement this, we make T,,;,and T,,,, (initially introduced in Equation 14) dynamic using Equations
36 and 37. The base values of these parameters are increased whenever TS(t) is above TS,,;;, by a scaling of 5,

(refer to Table 1 in next chapter for its value). To reduce the desired speed V2 (t) according to the level of situational
awareness, we similarly use the reduction factor g%, see Equation 38.

Tmin (t) = Tmin' (1 + max(O, ﬁT(TS(t) - TScrit))) (36)

Tonax () = Trae- (1 + max(0, Br(TS(E) — TSyi))) (37)
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V() = V2(®).(1 — max (0, 87 ((TS(t) — TS1ir))) (38)

3 Human driver model library
3.1 Open Traffic Simulator

OTS s an open-source microscopic simulation platform developed in Java by Delft University of Technology. OTS
provides scalable, flexible, and extendable simulation environments with many functionalities that will allow the
consortiumto easily implement a library of i4Driving human-driving models. How OTS is designed, the simulation
structure and its components are explained below. Please note that this document only introduces the high-level
structure of the OTS design pattern and does not include a description of class diagrams and methods. Detailed
information on software development will be included in deliverables D2.2 (Suite of unit tests for model
development), and 2.3 (Incremental version of i4Driving software library).

OTS encompasses four main components.

Simulation environment
Behavioural models
Cognitive mechanisms
Traffic demand

Figure 16 shows how these components interact with each other within the OTS.

Distribution of characterstics and

parameters
:_T_r affcdemand ~ T T 1 ............... : e Simulation Environment :
OD matrices » GTU generators —  GTU Objects Network

Cognitive mechanism

[ Route ]—b[ Tactical‘ Planner ]—D[ Operational plan ]

In the next sections, each of these components are introduced in more detail.

Strategic planner

Figure 16: OTS simulation structure

3.2 Simulation environment

The simulation environment in OTS is originally designed in 2D space. But it can provide options to link to 3D
space environments as well. This environment includes three main components:

e Network
e Objects
o Generalised Traveling Units (GTU)
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Simulation environment

Figure 17: simulation environment in OTS

Network
The network is represented as a directed graph, using links and nodes. Nodes are simply points with an adjacency
and ID, while links go from one node to another along some design line.

OTS Link

[ Id

| Start node (Node)
| End node (Node)
| Design line

| GTUs

| Link type

Each link can be divided laterally into lanes with predefined offsets and widths. Each lane can obtain information
from both laterally and longitudinally connected lanes. This information includes, for instance, the lane-change
possibility. A GTU in one lane can access to the information regarding GTUS in connected lanes.

Objects

Objects along the road (e.g., speed limit signs, signals, etc.) in OTS are in principle lane based. This means that
they can be located at any position on a lane. This allows the GTU to interact with these objects easily. A list of
objects that are inherently defined in OTS are:

o Loop detectors
e Conflict and priority points/areas
e Traffic lights and controls

Loop detectors, amongst others, are objects that can be triggered automatically whena GTU crosses them. These
objects periodically collect measurements at the lane level and store them in the list associated with that specific
lane.

Detector
| LoopDetector
| {Measurements}

| Mean speed measurement
| Harmonic mean speed measurement
| Occupancy
| Passages
| Platoon sizes

Generalised Traveling Units

Within OTS, a generic traveling object called Generalised Traveling Unit or GTU can be defined. A GTU can
represent any moving agent in the simulation environment that can be controlled by a human or computer (model).
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GTUs can basically move freely in the simulation environment, allowing smooth space-continuous trajectories.
However, within a simulation scenario, GTUs move according to an operational plan determined by a tactical
planner who executes the overall strategy of a strategic planner. In the next section, the strategic planner, tactical
planner, and operational plan is explained.

3.3 Behavioural models

The behavioural models are a library of stimulus-response models in OTS that control GTUSs. In this chapter, the
modularity and the hierarchical structure of this component is explained. The readers are referred to (van Lint et
al., 2016) for a detailed description of the models. In OTS, the behavioural models that control GTUs are
categorised into three levels of decision-making horizoni.e., strategic, tactical, and operational (Michon,1985) (see
figure 18).

- Strategic planner

-Route choice

-Mode choice - Tactical planner
-Departure time choice - Operational plan
-Destination choice -Car following (IDM+)

- Lane-change model (LMRS) - Operational plan
- Trajectories (path)
- Start time
- Start speed
- Acceleration

- Segments

Figure 18: Hierarchical decision horizons in the library of behavioural models in OTS

3.3.1 Strategic planner

Each GTU has a strategic planner which makes strategic decisions. The strategic planner provides information,
such as the route, origin, destination, and what link to travel to next at a split, for the tactical planner. It includes
the long-term choices of drivers and can simulate the “intention” in the cognitive layer of the i4Driving conceptual
model.

3.3.2 Tactical planner

Tactical planners can be understood of as a collection of decisions that are used to control the short-term
movement of the GTUs at operational level. The tactical planner includes lane-changing as well as car-following
models to govern vehicle manoeuvres in the simulation environment. When the tactical planner is called by a GTU,
it generates a plan for the agent that can be used in operational level.

3.3.3 Operational plan.

The operational plan defines the movement of a GTU over the applicable time span, e.g. half a second. OTS is an
event-based simulation which can report location, speed, and acceleration of GTUs at any point in time. The
position of the GTU ina path is a function of time and depends on the start time, the start speed, and the segments.
Each segment defines for some partial duration of the plan what constant acceleration is applicable. It can define
constant speed which implies no acceleration, as well as define a particular acceleration value. Segments are
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consecutive, so starting with the start speed, the entire progression through the operational plan can be build up
one segment at a time. In classical vehicular models the operational plan has a single acceleration segment, and
its duration is equal to the model time step. Segments are defined as consecutive time intervals of the plan with
constant acceleration. In the operational plan, it can be specified if the GTU follows the lane centre lines or not.
The lane-based variant of an operational plan is defined as deviative or not. A deviative plan does not strictly follow
the lane centre lines.

3.4 Cognitive mechanism

Perception is a fundamental part of OTS. It allows a next generation of traffic models where cognitive mechanisms
like perception errors and HF are explicitly modelled with endogenous processes. The structure of components
regarding perception is highly modular, such that perception, HF, and tactical planner models can be used in
various combinations. Perception is always used as an interface between the modelling environment (network,
GTUs, objects) and tactical models. It also provides information for tactical models. In the cognitive layer of OTS,
a mental process based on the theory presented in section 3 is implemented which could account for situational
awareness, behavioural adaptation, driving traits, and more.

3.5 Traffic Demand

Traffic demand, or demand for short, describes when and where travellers want to travel. It can specify the number
of choices made, such as destination, departure time, mode, and route choices. Choices that are specified in the
demand depend on the application. These choices can either be given as inputs or modelled in the strategic
planner. Demand results in trips that manifest in moving GTUs over the network. GTUs are placed on the network
by a vehicle generator or GTU generator. These generators are the interface between demand and traffic
simulation. The demand in OTS can be defined either via Origin-Destination (OD) matrices or the injection method.
These methods provide information for GTU generators to add vehicles to the interface based on a given
distribution of inter-arrival times and GTU characteristics.

4 Structural overview of parameters and components

In this sectionwe give an overview of the model parameters and relationship between components implemented
in the OTS (Table 1 and 2) to represent the i4Driving human driver model. This would ease the interpretation of
parameters mainly for calibration procedure related to Task 2.4 of WP2.
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Table 1: Overview of notations (parameters) and the path to their implementation in OTS.

Paramet Defa | SI
er Description ult unit Min Max Full path

Tactical: Intent / Interaction / Experience

[ Sensitivity level for speed of others 1 - 0 1 org.opentrafficsim.road.gtu.lane.tactical.util.Imrs.LmrsParameters.SOCIO
Sensitivity towards own speed, as speed gain for full lane- 19,3

vGain change desire 3 m/s 0 org.opentrafficsim.road.gtu.lane.tactical.util.Imrs.LmrsParameters.VGAIN

fSpeed Factor on legal speed limit 1 - 0 org.opentrafficsim.base.parameters.FSPEED

TC Task capability 1 - 0 org.opentrafficsim.road.gtu.lane.perception.mental.Fuller. TC

Tactical: Lane changing

Look-ahead distance for mandatory lane changes, leaders,
x0 etc. 295 m 0 org.opentrafficsim.base.parameters.X0

t0 Look-ahead time for mandatory lane changes 43 S 0 org.opentrafficsim.base.parameters.T0

Operational: Human factors

Slope of exponential decay of task demand for increasing

HEXP time headway 4 S 0 org.opentrafficsim.i4driving.tactical.perception.CarFollowing Task.HEXP
SA M org.opentrafficsim.road.gtu.lane.perception.mental. AdaptationSituational A
SA_MIN | Minimum situational awareness 0,5 - 0 AX wareness.SA_MIN
SA_MA 0, org.opentrafficsim.road.gtu.lane.perception.mental. AdaptationSituational A
X Maximum situational awareness 1 - SA_MIN wareness.SA_MAX
TR_MA org.opentrafficsim.road.gtu.lane.perception.mental. AdaptationSituational A
X Maximum reaction time 2 S 0 wareness. TR MAX
TS_CRI TS M
T Critical task saturation, above which SA deteriorates 0,8 - 0 AX org.opentrafficsim.road.gtu.lane.perception.mental.Fuller. TS _CRIT
TS_MA 0,
X Maximum task saturation 2 - TS_CRIT org.opentrafficsim.road.gtu.lane.perception.mental.Fuller. TS_MAX
org.opentrafficsim.road.gtu.lane.perception.mental. AdaptationHeadway.BE
BT Factor on task over-saturation for headway 1 - 0 TA T
org.opentrafficsim.road.gtu.lane.perception.mental. AdaptationSpeed . BETA
Bv0 Factor on task over-saturation for speed 1 - 0 VO
Fraction of primary task that can be reduced by anticipation
a reliance 0,8 - 0 1 org.opentrafficsim.i4driving.tactical.perception. TaskManagerAr.ALPHA
Fraction of auxiliary task that can be reduced by
B anticipation reliance 0,6 - 0 1 org.opentrafficsim.i4driving.tactical.perception. TaskManagerAr.BETA

Operational: Lane changing

T Headway relaxation time 25 S 0 org.opentrafficsim.base.parameters. TAU
Speed threshold below which traffic is considered 16,6

vCong congested 7 m/s 0 org.opentrafficsim.base.parameters.VCONG

LCdur Regular lane-change duration 3 S 0 org.opentrafficsim.base.parameters.LCDUR
Desire threshold for free lane-change (without any 0,36 1,

dFree preparation) 5 - 0 dSync org.opentrafficsim.road.gtu.lane.tactical.util.Imrs.LmrsParameters. DFREE
Desire threshold for synchronized lane-change (adjusting 0,57 1,

dSync speed) 7 - 0, dFree dCoop org.opentrafficsim.road.gtu.lane.tactical.util.Imrs.LmrsParameters.DSYNC

Desire threshold for cooperative lane-change (indicator; 0,78
dCoop others make gap) 8 - 0, dSync 1 org.opentrafficsim.road.gtu.lane.tactical.util.Imrs.LmrsParameters.DCOOP




Operational: Car-following

m/s
a Maximum acceleration 1,25 | 2 0 org.opentrafficsim.base.parameters.A
m/s
b Maximum desired deceleration 2,09 | 2 0, b0 bCrit org.opentrafficsim.base.parameters.B
m/s
b0 Adjustment deceleration, e.g. when speed limit drops 0,5 2 0 b, bCrit | org.opentrafficsim.base.parameters.B0
o Acceleration flattening exponent towards desired speed 4 - 0 org.opentrafficsim.road.gtu.lane.tactical.following.Abstractldm.DELTA
s0 Stopping distance 3| m 0 org.opentrafficsim.base.parameters.S0
Tmin Minimum headway for gap-acceptance at high LC desire 0,56 | s 0 Tmax org.opentrafficsim.base.parameters. TMIN
Tmax Normal car-following headway 12| s 0, Tmin org.opentrafficsim.base.parameters. TMAX
nLeader org.opentrafficsim.road.gtu.lane.tactical.following.ldmPlusMulti. NLEADER
S Number of leaders 2| - 1 S
Operational: Intersection behavior
Minimum time gap between conflict enter/leave events of
minGap | self and others 0] s 0 org.opentrafficsim.road.gtu.lane.tactical.util. ConflictUtil. MIN_GAP
m/s
bCrit Critical deceleration 35| 2 0, b0, b org.opentrafficsim.road.gtu.lane.tactical.util. ConflictUtil.BCRIT
sOconf Stopping distance at conflicts 15| m 0 org.opentrafficsim.road.gtu.lane.tactical.util. ConflictUtil. SO CONF
timeFac
tor Safety factor on estimated time of events 1,25 ]| - 1 org.opentrafficsim.road.gtu.lane.tactical.util. ConflictUtil. TIME_FACTOR
stopAre Area before stop line where one is considered arrived at
a the intersection 4 m 0 org.opentrafficsim.road.gtu.lane.tactical.util. ConflictUti. STOP_AREA
m/s
bYellow Maximum deceleration to stop for traffic lights 35| 2 0 org.opentrafficsim.road.gtu.lane.tactical.util. TrafficLightUtil.B_YELLOW




Table 2: Overview of model components and their parameters as is implemented in OTS.

Lmr

Car-following model

IDM+

Desired headway

model

Desired speed model

L

IDM

IDM

vCon

LCdur
dLeft/
Right

dFree

dSync
dCoo

X0

b0

s0

Tmin

Tmax

fSpee

Lane-change Model with Relaxation and
Synchronization

Headway relaxation time
Speed threshold below which traffic is
considered congested

Regular lane-change duration
[state variable] Lane-change desire towards left
or right

Desire threshold for free lane-change (without
any preparation)

Desire threshold for synchronized lane-change
(adjusting speed)

Desire threshold for cooperative lane-change
(indicator; others make gap)

Look-ahead distance for mandatory lane
changes, leaders, etc.

Determines car-following acceleration, also
used for gap-acceptance

Acceleration: a-min(1 - (v/v0)*0, 1 - (s*/s)"2), v
= speed, s = headway to leader

Maximum acceleration

Maximum desired deceleration

Adjustment deceleration, e.g. when speed limit
drops

Acceleration flattening exponent towards
desired speed

Static part of desired headway s*, dynamic part
is: (VAV)/(2V(a-h))

Standard static desired headway: s =s0 + v-T
Stopping distance

[state variable] Car-following headway
Minimum headway for gap-acceptance at high
LC desire

Normal car-following headway

This is vO in the car-following model equation
Standard desired speed: min(vMax,
fSpeed-vLim), vMax is max vehicle speed

Factor on legal speed limit

25
16,666
66667

3

0,365

0,577
0,788

295

1,25
2,09

0,5

m/s

m/s

m/s

m/s

dFree

déync

bCrit

bCrit

Tmax

Yes

Yes

Yes

Yes

Yes

Yes
vMax (trucks):
N(u=85, 0=2.5)km/h

N(u=1.0308, 0=0.1)



| L Socio

Desired speed

| L model
I

= IDM

L IDM+ multi
Tailgating

I

- None

I

2 Pressure
|

I

I

|

I

L Rho only

Mandatory incentives

- Route

L Get-in-lane

Voluntary incentives

o Keep

- Speed with courtesy

vGain

nLead
ers

Tmin
Tmax
vGain

x0

t0
X0

vCon

dFree

Wraps another desired speed model and
applies social pressure on the speed
[state variable] Level of social pressure exerted

by the follower 0 -
Sensitivity level for speed of others 1 -
Sensitivity towards own speed, as speed gain 19,333

for full lane-change desire 33333 mi/s
E.g. IDM

Same as IDM+, but with acceleration: a(1 -
(V/vO)™O - (s*/s)"2)

Same as IDM+, but applied to multiple leaders
(minimization)

Number of leaders 2 -
Adjust desired headway to communicate social
pressure

Disables tailgating
T = Tmin-p + Tmax(1-p), p = 1 - exp(-
(Av/vGain)(1-(s/x0)))

id.

id.

Same as Pressure, but does not change T, p
does affect leader

Mandatory incentives are always fully
weighted, at least 1 required

Follows infrastructure for the route (lanedrop,
offramp, splits)

Look-ahead time for mandatory lane changes 43 s
id.

Move earlier to required lane, if it is congested

id.

id.

Voluntary incentives are less weighted with

mandatory incentives > dSync

Keep-right

id.

Lane-change desire based on speed difference
lanes, indicators included

id.

Response

Tri(0, 0.25, 1)
LogN(u=3.3789,
0=0.4) km/h

Action

Yes

Yes

Yes

Yes

Yes



= Socio speed

- Courtesy

- Queue

L Stay right

Acceleration incentives

- Conflicts

- Traffic lights

L Speed limit transitions

Perception

|
- Headway-GTU type

vCon

vGain

vCon

vGain

x0

dSync

minG
ap

bCrit
sOcon

timeF
actor
StopA
rea

b
s0

bYello
w

id.

id.

Get (or stay) out of the way, in free flow, when
p-o > pEgo

id.

Considers others' lane-change desire by o to
make space by changing lane

id.

Tendency to join the shortest queue at
intersections, based on acceleration gain

id.
Makes trucks stay, or move to, the 2 most right-
hand lanes, accounts for route

id.
Next to car-following, other reasons to
decelerate
Stop or decelerate for conflicts (i.e. crossing
lanes/roads)
Minimum time gap between conflict enter/leave
events of self and others 0 s
m/s
Critical deceleration g5 2
Stopping distance at conflicts 15 m
Safety factor on estimated time of events 1,25 -
Area before stop line where one is considered
arrived at the intersection 4 m
id.
id.
Stops for traffic light when appropriate
m/s
Maximum deceleration to stop for traffic lights 85 2

Decelerate for curves and speed bumps using
the car-following model

Provides information to the model, exact or
altered

How headway and speed of neighbors are
determined

Response



L

Perceived
e
- Estimation
I
| - None
| Over-
| - estimation
Under-
| L estimation
L Anticipation
I
- None
| Constant
- speed
Constant
L acceleration
Mental
Fulle
r
|
- Task
| Car-
| - following
Lane
| L changing
|  Behavioral
- adaptation
| Situational
| - awareness

Wrap

Tr

SA

SA_M

TC
TS

HEXP

SA
SA M
IN

SA M

TR_M
AX

Perfect neighbors perception

Imperfect neighbors perception

[state variable] Reaction time

Estimates neighbour state (headway, speed)

Exact headway and speed difference Trin the
past

Over-estimated headway and speed difference
Trin the past

[state variable] Situational awareness

Maximum situational awareness

Same as Over-estimation, but headway and
speed under-estimated

Anticipates neighbor state (headway, speed)

Delayed neighbor state as-is

Extrapolate neighbor from Tr in the past to now
with constant speed

Extrapolate neighbor from Tr in the past to now
with constant acceleration

Implements human factors in to perception

Task-saturation and behavioral adaptation
Task capability

[state variable] Task saturation

Tasks take mental effort

Task demand: exp(-h/HEXP), where h is the
actual time headway

Slope of exponential decay of task demand for
increasing time headway

Maximum of dLeft and dRight, always at least O
Any parametric response to task saturation

Implements effects on SA and Tr (not strictly a
behavioral adaptation)

id.
Minumum situational awareness
id.

Maximum reaction time

0,5

0,5

SA_MI

0

SA_
MAX

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes



TS_C  Critical task saturation, above which SA TS

| RIT deteriorates 08 - 0 MAX
0,
TS M ISHE
| AX Maximum task saturation 2 - RIT
| Tr id.
| Increases desired headway by factor 1 + BT(TS
- Headway - TS_CRIT) Yes
| BT Factor on task over-saturation for headway 1 - 0
| Tmin  id.
| Tmax  id.
| TS id.
ISEE
| RIT id.
Increases the desired speed by factor 1 -
L Speed BVO(TS - TS_CRIT) Yes
BvO Factor on task over-saturation for speed 1 - 0
fSpee
d id.
TS id.
TS ©
RIT id.
Task manager Regulates tasks Yes
I
- Summative All tasks have their normal task demand Yes
Anticipation ARprim = a-TDprim-(1 - TDprim), ARaux =
L reliance - TDaux-TDprim Yes
Fraction of primary task that can be reduced by
a anticipation reliance 0,8 - 0 1

Fraction of auxiliary task that can be reduced
B by anticipation reliance 06 - 0 1
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