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Abstract

The objective of this paper is to develop a micro-economic modeling approach for car-following behaviors that
may capture different risk-taking tendencies when dealing with different traffic conditions. The proposed framework
allows for the consideration of perception subjectivity and judgement errors that may lead to unsafe acceleration
driving maneuvers with the possibility of real-end collisions. The modeling approach relies on a generalized utility-
based formulation with three specific types of subjective utility functions (SUFs): Prospect Utility (PT) subjective
utility function, Constant Relative Risk Aversion (CRRA) subjective utility function, and an Exponential Constant
Relative Risk Aversion (ECRA) subjective utility function. The formulation is assessed in terms of its homogeneous
macroscopic properties (thus leading to a triangular fundamental diagram) and its non-homogeneous microscopic
properties (thus leading to realistic following behavior facing different traffic scenarios).

Once tested in terms of feasibility, the modeling approach is calibrated against real-life trajectory data. A Genetic
Algorithm (GA) method is adopted to minimize a spacing-mixed-error term while considering inter-driving
heterogeneity. The three models (i.e. PT, CRRA and ECRA) produce acceptable error values with the PT model
showing the best fit, followed by the ECRA model, followed by the CRRA model. Even though the CRRA and the
PT models show similar intensity in the acceleration response to the behavior of a lead vehicle with more disturbance
(stochasticity/randomness) seen with the CRRA SUF, the PT and the ECRA models show more realistic wave
formation despite their difference in terms of individual acceleration distribution functions. The ECRA model results
in an amplified sensitivity to the behavior of the lead vehicle with the acceleration probability distribution function
skewed to the left (i.e. towards decelerating rather than accelerating).

The calibration exercise is followed by a simulation exercise. The three suggested models produce a homogeneous
congestion phase, but a clear transient single/multiple wave formation is seen with the PT and the ECRA models.
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These latter models are able to reproduce all the congestion regimes observed on real-world surface transportation
networks. The ECRA is characterized by a decreased capacity and increased traffic disturbances with additional
shockwave formation. Finally, the different models allow the possibility of perception or judgement errors with the
explicit incorporation of a collision probability and a collision weight in the suggested formulation approach.

© 2019 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of the scientific committee of the 23rd International Symposium on Transportation and
Traffic Theory.
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1. Introduction and Motivation
1.1. Motivation

The ultimate goal of this paper is to provide a comprehensive numerically verifiable theory for subjective utility-
based car-following models. Car-following is still considered the basic driving maneuver that explains different
congestion dynamics and collision formations (NHTSA, 2016; FHWA, 2004). However, in the era of autonomous
vehicles, aren’t we removing the subjective utility and the human component from the driving process? Why do we
need to understand driving behavior in a micro-economic context given that one of the reasons behind the introduction
of driver-less cars is the elimination of the human error and thus the reduction of traffic incidents? Interestingly
enough, traffic simulation models including microscopic acceleration models have been built naturally to account for
vehicle automation rather than human driving decision making processes (Van Lint and Calvert, 2018). Except for the
ecarlier efforts seen in the psychophysical models (Wiedemann and Reiter, 1992 — utilized in the VISSIM traffic
simulation tool) and the utility-based models (Ahmed, 1999 — utilized in the MITSIM traffic simulation tool), traffic
scientists did not account for terms like emergency behavior, perception indifference, stochasticity and randomness
in execution when capturing driving behavior. Most of the driver behavior models including the one-dimensional
acceleration models remain deterministic and collision-free (Hamdar, 2015). Some additional efforts have been
dedicated to incorporating human decision-making processes into existing traffic models (Treiber et al., 2006).
However, very few psychology-based or economics-based constructs have been introduced in order to capture the
cognitive dimensions behind some observed maneuvers. These dimensions include fatigue, mental load, risk,
sensitivity, stress, and uncertainty. Recently, Human Factor (HF) researchers and traffic flow researchers have been
focusing on such terms while trying to account for them in new or existing driving behavior modeling frameworks
(Hoogendoorn et al., 2014; Saifuzzaman and Zheng, 2014; Saifuzzaman et al., 2017). This research falls under this
category of work where the authors would like to establish a family of car-following models accounting for sensitivity,
stochasticity and randomness, risk and uncertainty. These models should be calibrated and validated while
reproducing different congestion dynamics and incident-prone behaviours.

Another major motivation behind studying the human decision-making process and the cognitive dimension of
driving behavior is associated with the gradual rather than the complete deployment of connected and automated
vehicles (CAVs). The CAV technology development aspect is being led by the private sector and different public
agencies and governments have been working on devising regulations and tools to secure a positive aggregate CAV
impact on traffic mobility and safety. As an example, autonomous vehicles may allow added roadway capacity but
may lead to additional vehicle miles traveled (Childress et al, 2015). There is still a lack of data that quantifies the
responsiveness and the acceptance of drivers and travelers to connected and automated vehicles. Several predictions
have been suggested on the rate of deployment of such vehicles on our roadways. For example, a 2016 report mentions
that half of all vehicles will be ‘fully autonomous’ within the next 10 years (Atkins, 2016). In the same report, 6 levels
of automation have been suggested to the United Kingdom (UK) Department of Transport. Level 1 is a zero-
automation level where the driving task is fully carried by human drivers. Level 2 involves some basic driving
assistance by either steering or accelerating the vehicle based on the surrounding environment. Level 3 indicates partial
automation with both steering and acceleration conducted by the auto-pilot system. Level 4 is a conditional automation
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level where the auto-pilot system may perform all the driving tasks with the possibility of intervention by the human
driver. Level 5 is the high automation level where the auto-pilot system is functional even if a human driver does not
respond to a request to intervene. Level 6 is a full automation level where the auto-pilot system can perform all aspects
of the dynamic driving tasks under all conditions. It is then clear that automation will be introduced gradually in the
following decade or two and the human component will play a major role dictating the efficiency of the auto-pilot
system especially when a mix of human-driven non-equipped vehicles and full/high/partial/conditional autonomous
vehicles are seen in the traffic mix.

1.2. Behavioral Framework and Objectives

Given the need to understand the interaction between the human operator and the vehicles being operated on our
roadways, the importance of the cognitive dimensions associated with human decision-making processes should be
recognized. Multiple research efforts have been made to understand decision making in multiple contexts including
finance, politics, psychology ...etc. (Frydman and Camerer, 2016; Mintz and Sofrin, 2017; Barthélemy and Coppin,
2006). With such efforts, decision-making theorists have presented a rich literature of studies tackling topics ranging
from utility maximization theory (Hwang and Masud, 1979; Chankong and Haimes, 2008) to game theory (Camerer,
2011). We suggest in this paper that the driver behavior is framed using the human information-processing system
introduced by Hastie and Dawes (2010) with a subjective utility component in the working memory perception module
and the decision-making judgement module. Adapting such system to the driver behavioral task, Figure 1 may be
offered: the working memory module and the decision-making module are fundamental to the problem addressed in
this study.

Modules of the Driving
Process:
Main Mechanisms Involved

External Stimulus

Perception ‘ =} Flow of Information
Sensory Registers = Loss of Information (Distraction ...etc.)
Module
Elaboration
Working Memory Module: » Long If[’"(‘; ]1\/['emory
1- Coding (Information Processing) s ofg T .
. 2- Retrieval Strategies < -set of Beliefs
Evaluation ‘ Retrieval -Set of Desires
. . Loss of
Decision Making Information
Moiule (Forgetting) Learning
Execution Module
Execution (Outcome)

Fig. 1. Information-Processing/Execution System for the Driving Activity.

On the hand, this paper focuses on the operational traveler decision making level (i.e. acceleration and car-
following) without accounting for the tactical lane-changing/merging task or the more strategic route choice task, the
destination choice task, and/or the departure time choice task (Hranac et al., 2004; Colyar and Halkias, 2007). The
driving car-following task involves human decision-making and behavioral processes where a) perception, b)
evaluation and ¢) execution need to be explicitly considered (Figure 1). The evaluation phase involves /) uncertainty,
2) risk-taking, 3) human errors and 4) subjectivity leading to a heterogeneous stochastic traffic environment that
should be further investigated.

Focusing on the explicit modeling of the evaluation phase and thus a human-centric traffic modeling approach,
there seems to be a need to develop rich behavioural models based on micro economic theory (as articulated in Dixit,
2013) and to offer a tool through which we can evaluate policies (insurance, safety, information provision etc.) that
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can influence driver behavior. In particular, explicit representation of drivers’ risk attitudes and perceptions is expected
to provide greater insight into the role of risk-taking behaviors in congested and/or accident-prone situations. Earlier
work (Hamdar et al., 2008; Hamdar et al., 2009; Hamdar et al., 2015) utilized a prospect theory approach to develop,
calibrate and evaluate a behavioural car-following model. However, there are different families of utility functions
that capture different characteristics of risk attitudes and have different numerical properties that could have
significantly different implications on traffic flow dynamics. Accordingly, a more comprehensive modeling effort is
needed where the objectives are:

(i) to develop a general utility-based framework for car-following;

(ii) to evaluate the macroscopic and microscopic traffic properties of car-following models developed using
different utility functions;

(iii) and to develop a calibration method to estimate the parameters of these models while capturing different
heterogeneity patterns.

Given the aforementioned motivations, framework and objectives, this paper is organized as follows. Section 2
offers a brief literature on decision making theories, their characteristics and their applicability to driver behavioral
modeling. Section 3 presents the micro-economic formulation of the car-following task and the associated
macroscopic and microscopic feasibility. The data adopted and the calibration method are shown in Section 4. Section
5 offers the numerical results and analysis before concluding with a summary of the findings and some suggested
future research directions in Section 6.

2. Literature Review

A significant amount of transportation research has been conducted to understand and to model traveler decision-
making processes (Bhat and Steed, 2002; Jaber and O’Mahony, 2009; Mahmassani and Liu, 1999; Mahmassani et al.,
2013; Walting and Cantarella, 2015). However, limited work has been successful in applying decision making theories
at the driver behavioral operational level (Hamdar et al., 2015). Accordingly, in this section, we review existing
decision-making theories that may be adapted by transportation researchers to capture decision making under
uncertainty/risk. Such modeling approaches are classified into three types: a) Expected Utility Theories and Their
Refinements, such as Prospect Theory, b) Process Theories of Cognitive Decision Making, and c) Multi-Stakeholder
Theories, such as Game Theory.

Expected Utility Theories and Their Refinements: these approaches are based on the premise that travelers/drivers
can never be certain about the future outcomes of their choices. Given this assumption, multiple theories for modeling
choices under uncertainty have been suggested. Out of these, three main theories (as defined by transportation
researchers) may be applicable to transportation decision-making, namely: i) Expected Utility Theory (EUT), ii)
Prospect Theory (PT) and iii) Regret Theory (RT) (Moraes Ramos et al., 2014). The core assumption of EUT is that
decision makers have context-independent preferences and use them to assess all probable outcomes when confronted
with a decision set; for EUT to work, these preferences must be stable over time and lead people to choices that
maximize their own utility (i.e., best outcome value, best payout, etc.). However, there is a large body of literature
suggesting people do not make decisions in this manner motivating additional refinements on the EUT formulation
leading to PT (Moraes Ramos et al., 2013, Xue et al., 2011). PT is a refinement of EUT that aims to describe real-
world decision-making by assuming that choices reflect gains or losses relative to a reference point. This has been
used to describe decisions in a manner that is more psychologically accurate than other formulations, such as EUT,
which assume that choices are optimal. The original formulation of PT suggests that decision-making processes occur
in two stages: a) the Editing Stage, where decision rules are used to frame possible outcomes in gains or losses relative
to a neutral reference point and b) the Evaluation Stage where the decision-maker evaluates the edited potential
outcomes of all alternatives according to a value function that incorporates subjective probabilities. RT is based on
the idea that a choice from a set of alternatives is not only based on the anticipated payoff of the chosen alternative,
but also the anticipated payoff of the alternatives that have not been chosen. Regret is motivated by the possibility that
one of the non-chosen alternatives could have had a greater payoff compared to the chosen alternative; in other words,
it is the mental block of “what could occur given a different choice is made” that can motivate decision-making
(Rasouli and Timmermans, 2014). Rejoice, the opposite of regret, occurs when the chosen alternative results in the
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greatest payoff. People make decisions in an effort to maximize rejoice and minimize regret. A differentiating factor
for RT is that the decision reference point includes the entire choice set, and there is no context dependency per se, as
with PT. In this paper, the focus is on EUT and PT based modeling. RT has its relevance and has also been argued for
in different disciplines (Gerbert, 2002; Strack and Viefers, 2014). Multiple researchers have also adopted RT in
transportation related applications (Chorus, 2012; Moraes Ramos et al., 2011; Ramos et al., 2018). However, these
adoptions have focused on strategic traveler decision making processes (i.e. route choices). Moraes at al. (2014) did
find that both PT and RT are suitable for traveler decision making modeling. Accordingly, this paper does not argue
that RT is more (or less) valid than PT either in terms of capturing human decision making or in terms of the
translatability of the theory into an efficient traffic simulation tool/model. The objective of this paper is to offer a
utility-based construct to build acceleration behavior models that may be calibrated, validated and efficiently
simulated while capturing the uncertainties associated with the driving tasks, particularly car-following tasks. In fact,
within such a construct, RT can be framed for acceleration choice modeling.

All of these “theories” assume that decisions are represented in a rational manner, a key assumption in this paper.
It should be noted however that decision-makers may encode multiple different levels of mental representation into
the decision-making process, differentiating between what is “seen” and what is “perceived”. This allows for the
incorporation of meaning, such that decisions can vary with surrounding environmental and socio-demographic
factors.

Process Theories of Cognitive Decision Making: Process theory classifies “thinking” into two categories: i) a fast
and intuitive thinking; and ii) a slow and deliberate thinking. Accordingly, two forms of processing contribute to the
behavior of a given decision-maker and thus the existence of a dual processing system. Stanovich et al. (2014) offer a
general review of dual processing dichotomies with a clear distinguishing between the characteristics of the two
aforementioned types of thinking and thus the processing. The first type of processing (named Type 1) is automatically
triggered when stimuli are encountered (e.g., “bottom-up, intuitive, automatic responses”), and its automatic nature
defines its features: Type 1 processing is very basic in the amount of cognitive demand it requires (e.g., “automatic
responses are easy”’). On the other hand, the second type of processing (named Type 2) has its feature associated with
the ability to accommodate a “decoupling of mental representations from other processing”. Such representations
carry out “mental simulations” or complement other types of higher level non-automatic actions to aid in the making
of the “suitable” decision(s). The decoupling utilizes the working memory and is associated with a longer decision-
time: the decoupling implies a higher-level processing taking the mental representation offline for more processing of
the representations that are triggered by automatic processing. This dual process model is expanded further to account
for individual differences leading to the tripartite model (Stanovich, 2012; Stanovich et al., 2014). The tripartite model
accounts for individual differences in a way that illustrates effects in judgments in decision making across three
interconnected modules. These modules are:

(i) Thinking disposition (e.g., “beliefs about efficiencies of alternative choices, reflective, internally regulated,
goal prioritization, epistemic beliefs, willingness to change one’s mind, open-mindedness, consciousness,
diligence”). It should be noted that the measures of intelligence have limited established relationship with
some thinking dispositions (Stanovich, 2012).

(ii) Fluid Intelligence (e.g., “technical problem solving, doing math, etc.”).

(iii) Autonomous responses (e.g., “pre-attentive processing, salience, actions learned to automaticity”). It should
be noted that individual differences (i.e. inter-decision-makers’ heterogeneity) are reported to be less
significant in this module and very prominent in the two above. It should be also noted that this family of
theories (i.e. Process Theories of Cognitive Decision Making) is the type of theory illustrated in Figure 1.

Game Theory: Game Theory was designed to capture the essence of strategic decision-making, and therefore
underlies a significant body of agent-based modeling work. The possible collaboration between agents and the flexible
modeling framework may have contributed to the recent adoption of the game-theory approaches for modeling traveler
behavior (Iyers et al., 2014; Jiang et al., 2014) especially when dealing with the critiqued equilibrium assumption
(Easley and Kleinberg, 2010). Even though designed mainly for the strategic decision-making level, additional work
have adopted a game theoretic approach to analyze the operational crossing behavior (Arbis et al., 2016) and the
tactical lane-changing (Talebpour et al., 2015) behavior. Game theory may also be used to model real-world
interactions as re-created in a gaming environment. For example, Roth (2002) notes that game theory can be used to
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model complex real-world decision-making situations. The major critique of Game Theory has been the extent to
which it is externally valid and transferable. Indeed, whenever researchers generate results from a laboratory or a
controlled behavioral experiment, external validation is needed to generalize the results to real-life non-controlled
environments (Guala & Mittone, 2005). Furthermore, most game-theoretic agents rely on EUT-based decision rules.
Therefore, the critiques of EUT apply equally to game theory.

How can the aforementioned decision-making concepts/theories be useful in this paper? A hybrid formulation
approach is adopted. For most drivers, Theories of Choices under Uncertainty (i.e. Expected Utility Theory, Regret
Theory and Prospect Theory) seem to offer a micro-economic comprehensive construct to measures losses and gains
in a given driving environment. Accordingly, at the evaluation phase, the Expected Utility Theory and the Prospect
Theory (which are seen as the foundation of the micro-economic utilitarian field) are proposed. The Regret Theory
may be adopted at a later stage but is still seen as a variant of the Expected Utility Theory with the construct offered
in the following formulation section. The micro-economic modelling approach is suitable to describe how a driver
perceives, evaluates information, and makes decision for the acceleration rate. The approach is developed based on
extensive knowledge in the area of people decision making and there is value in this type of behavioural modelling
approach as the current literature in car-following models largely lacks driver behaviour elements.

On the other hand, as implied by 1, The Processes Theory of Cognitive Decision Making possibly accounts for a
larger number of cognitive dimensions but lacks the foundational tractable structure to translate the underlying
variables into an efficient implementable car-following model. In this paper, we suggest focusing on the evaluation
phase of the decision-making process, but further extension of this work may be offered to account for additional
modules using The Processes Theory of Cognitive Decision Making framework. Such extension is beyond the scope
of the paper.

3. Methodology
3.1. Formulation and Macroscopic Derivation

The modelling framework utilizes an expected utility maximization framework. Similar to earlier work (Hamdar
etal., 2008; Hamdar et al., 2009; Dixit, 2013; Hamdar et al., 2015), the driving task two types of outcomes are assumed
to be realized: i) outcomes in the form of mobility/movement represented by a utility with no crashing (Unocrashing)s
and ii) outcomes associated with safety represented by a utility of crashing (Ucrqshing)- It should be noted that in this
type of formulation, additional types of outcomes may be considered including outcomes related to emission/power
consumption. Starting with the basic formulation, a driver attempts to maintain a delicate balance between increasing
his/her speed while ensuring that he/she does not crash. This act of balancing can be abstracted as the driver attempting
to maximize his utility.

EU = PnoCrashing UnoCrashing + PCrashing UCrashing (1)

The expected utilities here represent the working memory modules and the encoding process (Hastie and Dawes,
2010) as these utilities are not objective (as opposed to the utilities used in the standard utility maximization theory
where rationality and complete information are assumed). The probabilities associated with each type of outcome are
also subjective and can take the form on any risk-taking attitudes (i.e. under-estimating/over-estimating gains/losses).
Based on Teiber at al. (2000) and Hamdar et al. (2008), the suggested “subjective” crashing probability at time t + T
(where t is the anticipation time) is:

Av(t)T+0.5a72—5(t)
PCrashing t+) =2 (#) @)

Where a is the current acceleration rate, s(z) is the space gap at time ¢, Av(t) is the relative velocity with respect to the
lead vehicle at time ¢ (i.e. V(t) — Vjeqq(t)). It is assumed that the uncertainty in the perception represented by a(v)
increases with speed v and is represented by av, where a is a constant parameter indicating the relative error in
estimating speeds. Furthermore, we assume at this stage that the disutility of crash is a negative constant w,:

UCrashing = —Wc 3

Therefore, with Ppocrashing = 1 — Perashing @nd assuming that both the non-crashing utility and the crashing
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probability depends on the actual acceleration a, we arrive at

EU = (1 - PCrashing)UnoCrashing - WCPCrashing (4)

It is assumed that a driver is a “total” subjective expected utility (EU) “maximiser”, where utilities are associated with
different action alternatives (i.e. in this case, an acceleration « is an alternative); the driver will attempt to maximize
the EU(a) in Equation 4 at each time step. It can also be assumed that since the probability of a crash is very small,
the term PgrqsningUnocrashing (@) will be very small and can be omitted in further analysis, since the probability of
crashing is extremely low. For added explanation, PcyqshingUnocrashing 18 Of the order Pepgsping since Unocrashing 18
of the order one. However, w, is of the order 10 000 (as will be shown in the feasibility analysis and the calibration
phase): PerashingWe s about 10 000 times larger than PergspingUnocrashing- Therefore, it is sensible to simultaneously
neglect PerasningUnocrashing and not neglect PergghingWe. Such neglection leads to,
dEdLa(a) = U’noCrashing (a) — WCP’Crashing(a) =0 Q)

Using Equations (2) and (5) and the assumption ¢ (v) = a v, we get the following general implicit equation for the
acceleration a of a driver maximizing his or her total expected utility:

Av(£)T+0.5at2-5(t) T™W,
U,noCrashing (a) — @' (T) —avc =0 (6)
(Av+0.5ar—5_50)2
! =W ez
U'nocrashing (a) = Zav\/ﬁe 202y ™

Under the assumption of steady state conditions, Av — 0 and a = 0, therefore Equation 7 for a general utility model
can be written as

TWe ’
S=S9— avr\/Z In (Zwm) -2 ln( noCmSmng(O)) (®

The paper explores the implications of three different kinds of utility models for the acceleration-based models: i)
Prospect Theory (PT), ii)) Constant Relative Risk Aversion (CRRA), and iii) Exponential Constant Relative Risk
Aversion (ECRA). The forms of the utility functions associated with the three aforementioned models have been
widely used in microeconomics to evaluate risk attitudes. Furthermore, preferences among framed alternatives have
been found to be significantly different in the loss domain than in the gain domain. Accordingly, the utility functions
are formulated differently in the gain and loss domains. Due to this difference, the overall utility function has a kink
(non-differentiable but continuous) at the reference point (zero). This paper proposes a smoothening method to ensure
differentiability at “zero” for the various utility functions and their respective steady state conditions. The “zero” is
assumed to be the current reference point (i.e. current time step) with respect to which the gains and losses (i.e. is
speed) are being evaluated.

Prospect Theory

The utility function used in the prospect theory models is a normalized power function, where the exponent
represents the risk attitudes. The utility functions are described in Tversky and Kahneman, (1986).
Y
(i) ' a>0

ao

-w (__a)yz a<0

ao

Ua) = ©

w is the relative weight of losses in speed if compared to the same amount of gain in speed. In other words, if w = 3,
the driver would perceive the loss in speed three times more than the gain in the same amount of speed (i.e. risk-
aversion). y; and y, are relative non-linearity parameters controlling the derivatives of the value function at the
acceleration distribution extremes (i.e. associated with the risk attitudes). The utility function is smoothed to ensure

differentiability of U(a) at zero acceleration (i.e. no gains or losses in speed). a, indicates the width of the smoothing
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method. Smoothing is needed both from a macroscopic fundamental diagram (FD) perspective and from a microscopic
individual driver behavioural perspective. From a FD perspective, without a,, the different initial utility forms
suggested in this paper have a vertical gradient at a = 0. Accordingly, derivatives of the initial utility functions with
respect to a cannot be calculated at a = 0 and thus, the FD is undefined for these initial utilities. From a driver
behavioural perspective, the initial utilities also do not reflect real behaviour since vertical gradients mean infinite
sensitivities which no human has; humans may have bi-stable/metastable responses but these responses are not a
subject of study in this paper and they do not fall within the framework of driver behaviour. It should be noted that
the magnitude of a, (i.e. one can seta, = 1 m/s?) does influence the results remarkably; changes of a, can be
compensated for by changes in w and/or y;(at least near the steady state). The utility function in Equation 9 is used in
conjunction with Equation 8 to determine the steady-state relationship between spacing and speed as a function of the
prospect theory parameters.

s(v) = 5o +V2arv J (1-0.5(r; +¥1)) In(ae) +In (=) +In (z;fm) (10

Constant Relative Risk Aversion (CRRA)

The CRRA utility function is defined by Equation 11. The exponent (y;) in the CRRA function represents the risk
attitudes. The different risk attitudes over positive and negative accelerations reflect the different preferences over the
loss and gain domain.

1—
(al) yyl a>0
Ul@) =3 " (11)
_M a< 0
1-y2

Again, using the smoothening technique proposed in the full paper in conjunction with Equation 8, the steady state
condition under the assumption of the CRRA utility function is shown in equation 12.

s(v) = so + \/iarv\/(l —05(; +11)) +1In (2;:;2_71) (2

Exponential Constant Relative Risk Aversion (ECRA)

The ECRRA utility function is defined by Equation 13. The exponent (y;) in the ECRA function (Holt and Laury,
2000) represents the risk attitudes. Similar to the earlier case, the different risk attitudes over positive and negative
accelerations reflect the different preferences over the loss and gain domain.

O
1™ a>0
U(a) = 4 (13)

1-er-1 V2

- a<o0

K

K is the exponential power parameter that constitutes an added difference between the CRRA and the ECRA models.
Again, using the smoothening technique in conjunction with Equation 8, the steady state condition under the
assumption of the ECRA utility function is shown in equation 14.

s(v) = sy + \/farv\jln(lc) +1In (ZOK;Z_”) (14)
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Fig. 2. The Fundamental Diagram for different utility functions.

It is interesting to note that the steady state equation for the ECRA utility was not affected by risk attitude
parameters y, and y,, while the other utility functions resulted in steady state equations impacted by the parameters
representing the risk attitudes. In a non-car following mode the vehicles choose a free flow speed, otherwise the speed-
density relationship is dictated by the steady state equations. The steady state equations for all three utility functions
demonstrate a nearly triangular fundamental diagram, albeit with differences in capacity. This is shown in Figure 2.
In addition to the macroscopic feasibility analysis to evaluate if the suggested models are consistent with well-known
traffic phenomena, there is a need to perform a microscopic feasibility analysis, calibration and validation. Such
microscopic aspect of this study aims at checking if the models are able to reproduce key traffic dynamics while
connecting individual behaviour to collective traffic observations: such analytical connection is often missing when
offering newer psychology or economics-based traffic flow models.

3.2. Micro-Feasibility Analysis

In the earlier formulation section, we focused on the general model structure (utility structure set up — Equations 1
through 8) and the steady state equations after smoothing the corresponding subjective utility functions (i.e. Equations
9 through 14). Investigating the model further at the individual driver behavioral level, Figure 3 offers the subjective
utility functions associated with a given gain or loss in speed (i.e. acceleration or deceleration) with respect to a
reference point (i.e. zero acceleration at current speed). These functions correspond to the parametric values presented
in Table 1 (parameters explained in Equations 9 through 14). It should be noted that the suggested parametric values
in this subsection reflect the average parameter value based on the calibration results (which will be discussed in detail
in the next section). A preliminary sensitivity analysis to produce basic realistic following maneuvers is presented in
Figure 4. Notice that the PT value function is not completely similar to the PT fanh functional form presented in
Hamdar et al. (2015). This change in form is due to the decoupling of the positive and negative acceleration domains
to create two separate functions (Equation 9) that are connected and smoothened at the “zero” reference point.
However, given the weight parameter w, risk aversion is manifested in the larger absolute values of the dis-utilities in
the negative acceleration domain if compared to the absolute values of the utilities in the positive acceleration domain.
The exponents y; still produces a non-linearity where the relative added gains at the function’s extremes (for example,
gaining 2 m/s in speed while traveling at 20 m/s) are valued less than the related added gains near the reference point
(i.e. descending grade as we move to the extreme points in the positive acceleration domain). The opposite may be
said regarding the PT negative acceleration domain.

Table 1. Subjective utility parametric values for micro-feasibility analysis.

Parameters\Models PT ([min, max]) CRRA ([min, max]) ECRA ([min, max])
w 3.82([0.2,9.4]) - -

V1 0.81 ([0, 1.97) 0.31 (0.0, 0.9]) 0.35 (0.2, 0.8])

Y2 1.31([0.1,1.9]) 0.20 (0.0, 0.8]) 030 ([0.1, 0.9])

K - . 0.60 ([0.1, 2.0])
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Figure 5 translates the subjective utility functions (1% row of plots) into acceleration probability density functions
(pdfs) (second row of plots) facing a certain leader behavior. The probability density functions corresponding to the
PT (first column of plots), the CRRA (second column of plots) and the ECRA (third column of plots) when a driver
is travelling at 10 mph and is separated from the leader by a 10 m spacing. Three types of dynamics are illustrated: i)
approaching the leader with a relative velocity of +10 mph (green plots), ii) keeping a constant space headway with a
relative velocity of 0 mph (orange line plots), and iii) increasing the space headway with the leader with a relative
velocity of -10 mph (blue plots). As expected, approaching the leader will generate higher deceleration rates. However,
the pdfs associated with the three functional forms presented in the formulation section are different in terms of
mean/median (i.e. the peak of the distributions) and standard deviations (the range of the distributions). First, the
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ECRA function produces non-bell shaped pdfs that may not be directly approximated by a normal distribution for
added implementation ease. Moreover, the ECRA produces the highest deceleration rates in the three suggested
driving scenarios mainly due to the exponential component amplifying the sensitivity to the gains/losses in speed.
However, the exponential form of the utility function also produces the “widest” pdfs that are skewed to the right. On
the other hand, both the PT and the CRRA value functions produced bell-shaped pdfs with the CRRA pdfs being
characterized by slightly lesser accelerations (i.e. the CRRA acceleration means are lesser than the PT acceleration
means) and wider distributions. In other words, more conservation behavior is seen in the CRRA formulation but with
an added stochasticity illustrated in the wider choices available from the corresponding pdfs

To illustrate how the pdfs translate into acceleration choices, Figure 6 maps the pdfs for the PT model (1% Column),
the CRRA model (2" column) and the ECRA model (3™ column), into a three dimensional space with more diverse
driving conditions. The 1% driving condition corresponds to a velocity of 10 mph and a spacing of 10 m while varying
the relative velocity from 4 m/s (approaching the leader) to — 4 m/s (decelerating away from the leader). In all three
models, as the driver approaches the leader, a higher deceleration rate is applied. The mean values are almost identical
(~peak of the distributions) when comparing the PT model (Figure a-1) to the CRRA model (Figure a-2). However,
more stochasticity is observed (thicker yellow line in Figure a-2) with the CRRA model. What is interesting is that
the PT model shows relatively higher disturbance (i.e. more acceleration choices) in the positive acceleration domain
than in the negative acceleration domain while the CRRA model shows higher disturbance in the -’ve acceleration
domain than in the positive acceleration domain. The ECRA model results in the highest deceleration rates and the
highest stochasticity consistently (Figure a-3). The second driving scenario (2™ column) corresponds to a relative
velocity of 0 mph and a driver’s speed of 10 mph. As we decrease the spacing from 17.5 m to 2.5 m between the two
successive vehicles, the follower is expected to increase his or her deceleration rate (decrease his acceleration rate).
Such result shows the validity of the modeling structure suggested earlier with the ECRA model showing the highest
deceleration rates and stochasticity followed by the CRRA model followed by the PT model. Since there is no change
from a positive to a negative acceleration in such driving scenario, no clear discontinuity exists in the CRRA and
ECRA models’ pdfs. Finally, the third driving scenario corresponds to a relative velocity of 0 mph and a spacing of
10 m. If the follower is travelling at a speed of 20 m/s (~40 mph), the 10 m spacing is not considered to be a safe
spacing and an extreme deceleration rate is applied (lower bound of -4 m/s?). If the follower’s speed decreases, a
higher acceleration rate may be applied. In terms of stochasticity reflected by the width of pdfs, we can see the same
properties seen in the first driving scenario.

In summary, the three micro-economic based modeling formulations (PT, CRRA and ECRA) presented in Sub-
section 3.1 show acceptable macroscopic homogeneous properties (i.e. triangular fundamental diagram and steady-
state space-velocity relationship) and microscopic stochastic properties (i.e. accelerations rates properly associated
with spacing, velocity and relative velocity with different acceleration pdfs’ characteristics). The models allow
capturing different risk-taking tendencies while incorporating unsafe behavioral patterns in incident/near-incident
conditions. Such tendencies are further explored in the calibration exercise presented in the next section.

4. Data and Calibration
4.1. Data Description

One of the main contributions of the presented formulation is the ability to calibrate the weights associated with
the risk-taking tendencies associated with each model through observed trajectory data. We utilize in this paper the
Next Generation Simulation (NGSIM) data collected on Route 101 southbound (i.e. Hollywood Freeway) in Los-
Angeles, California, USA, on the 15 of June of 2018. The route section observed is 640-meter in length and has 5
through lanes. An on-ramp (Ventura Boulevard) allows vehicles to access the freeway and an off-ramp (Cahuenga
Boulevard) allows vehicle to exit the freeway. The on-ramp acceleration lane and the off-ramp deceleration ramp form
a weaving right-hand auxiliary lane. Synchronized video cameras were mounted on a nearby 36-story building and a
special software was used to extract the trajectory data for each vehicle passing through the observed freeway section.
(Colyar and Halkias, 2007).
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The total data collection time on this section was 45 minutes with three 15-minute data collection periods: 7:50 am
— 8:05 am; 8:05 am — 8:20 am and 8:20 am — 8:35 am. These periods coincide with the peak-hour AM commute time
allowing the observation of the increase in flow, the traffic breakdown (i.e. transition from non-congested state to
congested state), and the formation of different congestion dynamics. A total of 150 vehicle trajectories were extracted.
The data sets include the longitudinal and lateral coordinates (representing the location of the center of the front-
bumper of each vehicle), the vehicle ID, the vehicle type/dimension, an absolute and a relative time-stamp (with a 0.1
second resolution). Such information allowed the extraction of the speed, the acceleration, the relative velocity, the
time/space headway and the spacing associated with each vehicle in each lane at every time-step. Such information
were used in the model calibration presented in the next sub-section. The fundamental diagram and a snapshot space-
time-velocity field associated with NGSIM Route 101 data are presented in Figure 7. As mentioned earlier, this figure
showcases the existence of different congestion waves during the data collection period.
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Fig. 7. Fundamental diagram (left) and space-time velocity field (right) associated with the trajectory observations during the data collection
period.
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4.2. Genetic Algorithm Calibration

Focusing on the non-homogenous traffic phenomena and the microscopic inter-vehicular interactions, finding an
optimal parameter set for each of the car-following model formulation presented in Section 3 becomes a nonlinear
optimization problem that needs to be solved numerically. Accordingly, a genetic algorithm calibration approach
(Hamdar et al., 2009) is adopted while taking into account the inter-vehicle heterogeneity.

A direct comparison between the observed trajectories and the simulated trajectories using each of the
aforementioned utility-based formulations (i.e. Section 3.1) is possible. In the simulation set-up, the calibration is
performed by taking different leader-follower pairs and comparing their driving dynamics with the behavior obtained
from the simulated car-following models. The simulated relative velocity and the distance gap are initialized to the
empirically given relative velocity and gap.

AvSim(t = 0) = Avdata(; = 0) (15)
sStm(t = 0) = sata(t = 0) (16)

The microscopic operational stage model is used to compute the acceleration and thus the trajectory of the
following vehicle. The gap to the leading vehicle is computed as the difference between the simulated trajectory

xS (t) (front bumper position) and the recorded position of the rear-bumper of the leading vehicle x3% (t):

sSm(t) = xfate (t) — xS™(t) (17)

The above measure can be directly compared to the gap provided by the data s3%t%(t).

Once the calibration performance measure (i.e. spacing) is identified, the kind of error to be minimized should be
specified. The absolute error term is less sensitive to small deviations from the empirical data and the relative error
term is more sensitive to small spacings than to large spacings. Accordingly, a mixed spacing error term will be

utilized as the objective function to be minimized using the genetic algorithm calibration method. This mixed error
term is defined as:
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. 1 sim_cdata 2
Fiel5°™) = | iy ) (8)
Where
A
(z) = A—leo T 2(t)dt (19)

After defining the objective function, the genetic algorithm heuristic terms are presented as follows:

e A “chromosome” represents a parameter set of the car-following models and a population consists of Ni; 4
such chromosomes.

e In each chromosome generation, the fitness of each chromosome is determined via the mixed term
objective function defined earlier.

e All pairs of chromosomes are extensively generated from the current population and recombined to
generate new chromosomes.

e The cross-over point where two chromosomes are combined is randomly selected.

e  Except for the chromosome with the best fitness score, all the genes (model parameters) are mutated
(varied randomly) following a given probability. The resulting chromosomes (new generation) are used
in the next iteration.

o Initially, a fixed number of generations is evaluated. The evolution is then terminated when the best-of-
generation score converges from one iteration to another for a given number of generations.

In this research, the initial set of parents (10 parents) is initiated where the parameters are given values in the
proximity of those provided in the feasibility analysis phase of Section 3. At each iteration, these parents produce 90
children chromosomes where the best 10 candidates are kept to the next iteration. The calibration process continues
until no improvement of more than 0.01 is observed for 20 consecutive iterations or when the error reaches the
threshold of 20%. It should be noted that a mutation rate of 10% is applied in all iterations.

The total of 1000 vehicle trajectories were used for the calibration and validation of the results. To validate the
calibration outcome, 80% of each trajectory is utilized for calibration and the remaining 20% is utilized for validation.
Note that this approach is consistent with the findings of Kim and Mahmassani (2011) that model parameters in
microscopic simulation models are expected to be correlated. Table 2 shows the calibration and validation results,
including key model’s variables and mixed spacing error (as calculated based on (18)). The error for validation is
slightly higher than for calibration. In few cases, the validation shows that the calibration process has failed to capture
the behavior. These cases are rare and correspond to the cases that the traffic flow regime is significantly different
between the first 80% and the last 20% of the trajectory (e.g., free flow vs. stop and go). Overall, from an error
perspective, PT model outperforms CRRA and ECRA. Table 3 shows the correlation matrixes for the three models.
The correlation pattern is similar for the PT and CRRA models. y; and y, show a positive correlation in these models,
indicating that more “aggressive” acceleration choices are associated with more “aggressive” deceleration choices.
There is a weak correlation between y; and w, as well as y, and w,, indicating that crash weight is not clearly linked
to the perception sensitivity to the losses or gains in speeds (i.e. positive or negative accelerations).

The correlation matrix is slightly different for the ECRA model though. y; and y, show a negative correlation,
indicating that this model distinguishes between aggressive and timid drivers (i.e., drivers who favor acceleration vs.
drivers who favor deceleration). There is also strong correlation between w, and y; as well as w, and y,. y;
(representing the utility for positive acceleration values) has a positive correlation with w, (representing the crash
seriousness), indicating that with higher accelerations, drivers increasingly consider the possibility of being involved
in a collision. On the other hand, y, (representing the utility for negative acceleration values) has a negative correlation
with w,, indicating that drivers feel more comfortable (less crash risk) when decelerating.
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Table 2. Calibration results (average values and standard deviation are presented for 1000 trajectories).

Parameters\Models PT (SD; [min, max]) CRRA (SD; [min, max]) ECRA (SD; [min, max])

w 3.82 (2.65;[0.2,9.4]) - -

Y1 0.81 (0.57; [0, 1.9]) 0.31 (0.25; [0.0, 0.9]) 0.35(0.2; [0.2, 0.8])

Y2 1.31(0.48; [0.1, 1.9]) 0.20 (0.12; [0.0, 0.8]) 030 (0.21; [0.1, 0.9])

K - - 0.60 (0.8; [0.1, 2.0])

w, 97023.44 (21654.58; [50000, 98166.67 (16954.71; [50000, 96160.00 (24717.87; [50000,
143000]) 1400007) 1400007)

Mixed Spacing Error 0.0730 (0.0261; [0.0249, 0.0758 (0.0290; [0.0225, 0.0836 (0.0371; [0.0229,

(Calibration) 0.1451]) 0.1391]) 0.1465])

Mixed Spacing Error 0.0840 (0.1134; [0.0049, 0.1259 (0.2217; [0.0099, 0.0986 (0.1314; [0.0123,

(Validation) 0.9150]) 1.2858]) 0.6547])

Table 3. Correlation matrix for (a) PT model, (b) CRRA model, and (c) ECRA model.

(2 (b) (©)
141 V2 w We Y1 V2 We 41 V2 K We
y: 1.0 030 0.16 -0.06 y: 1.0 022 -0.12 y:1 1.0 -0.23  0.20 0.46
y. 030 1.0 0.21 0.07 y, 022 1.0 -0.11 y. -023 1.0 0.16 -0.13
w 016 021 1.0 -0.01 w, -0.12 -0.11 1.0 K 020 0.16 1.0 0.28
w, -0.06 0.07 -0.01 1.0 w, 046 -0.13 028 1.0

5. Simulation Analysis

The first step in evaluating the performance of the proposed three models is focused on their ability to generate
different traffic regimes. Accordingly, a one-lane ring road was simulated at different densities. Drivers’ desired speed
is set to 10 m/s. Note that with higher desired speeds, congestion can happen at lower densities and some intermediate
flows regimes (between free-flow and fully congested) might not form. To create congestion, one vehicle enters the
ring road between two consecutive vehicles at time t = 10s with the speed equal to half the desired speed. This vehicle
may represent a merging vehicle entering the mainline from an on-ramp at a low speed.

Based on the calibration results, inter-driver heterogeneity is accounted for in this simulation exercise. The
behavioral parameters associated with drivers’ decision-making process (in terms of perception and judgement) in the
microscopic simulation models are expected to be correlated. Kim and Mahmassani (2011) presented an effort to
capture this correlation among the parameters of each driver. They showed that sampling from the empirical data
while accounting for the correlation between the parameters of each sample (individual drivers) is the best method to
capture heterogeneity in microscopic simulation models. In this study and based on their findings, the calibration
results are used to generate the set of weakly or strongly correlated parameters. The correlated parameters from 150
vehicles are used to generate the parameters utilized in the simulation exercise. Based on the proposed method by Kim
and Mahmassani (2011), the parameters of each generated vehicle in the simulation exercise are the same as the
parameters of a particular vehicle recorded in the actual US 101 trajectory data.

Figure 8 shows the simulation results for densities equal to 30, 60, and 100 veh/km/lane. At a low density (30
veh/km/lane), the PT and CRRA models can absorb a given congestion wave (i.e. the disturbance does not propagate
upstream and its magnitude diminishes by time). However, the ECRA model cannot absorb such waves as well as the
other two models (i.e. it takes longer to contain the wave and then makes it dissipate). Moreover, with the ECRA
model, additional shockwaves were created due to the amplification in the acceleration response as observed in Figures
5 and 6. As the density increases to 60 veh/km/lane, the difference in the car-following behavior among these models
magnifies. The PT model results in one shockwave propagating upstream; however, no further shockwaves were
created, and the created shockwave did not increase in bandwidth (i.e. thickness) impacting the entire traffic system.
The ECRA model, on the other hand, resulted in a more widespread disturbance (lower speeds were observed at larger
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areas throughout the system). Finally, the ECRA model resulted in a stop-and-go traffic (i.e. multiple non-merged
identifiable parallel waves) at this medium density value. This observation is consistent with the observations from
the correlation matrix since the ECRA model produces more extreme acceleration values and high deceleration values
amplifying the response to a given change in the relative velocity or the space headway. This is mainly due to the
exponential component in the ECRA formulation and its manifestation as an exaggeration in the judgement process.
At a higher density (100 veh/hr/lane — close to the jam density), the PT model results in stop-and-go traffic, while the
other two models result in a fully congested system. Such observation confirms our prior findings from the micro-
feasibility analysis: the ECRA produces more accentuated deceleration rates compared with the PT model while the
CRRA model is associated with an added randomness and thus uncertainty in the acceleration choices leading to
further disturbances (if compared to the PT model) and further congestion.
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For safety evaluation, Figure 9 shows the probability of adopting a given crash seriousness factor w, (Equation 3)
and a given estimated collision probability (Equation 2) by vehicles simulated with densities equal to 30, 60, and 100
veh/km/lane. The higher the w,. f;, product is (i.e. x-axis), an additional number of instances with unsafe behavior is
observed leading to extreme accelerations and decelerations. Such higher w,. f;, products are seen in Figure 9-b. In
other words, higher number of vehicles using the CRRA model adopts a high w,. f,, product leading to more extreme
accelerations and decelerations and possibly errors. It is essential to note that the extreme accelerations and
decelerations here are not the product of the non-collision component of the utility function (i.e. Equation 1); the
exaggerated acceleration reactions are due to the collision component of the utility function counter-balancing the
effect of the limited risk-averseness seen in the CRRA SUF. This combination between the limited risk-averseness
and the collision sensitivity might explain the lack in transition between a free flow state and a fully congested state
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in Figure 8-b but may still be the reason behind collision formation even with a limited density level. When comparing
Figure 9-a (PT) to Figure 9-c (ECRA), a higher number of vehicles considers a zero-estimated collision probability
with the ECRA model leading to unsafe following of the lead vehicle followed by extreme deceleration. Such finding
is in line with the findings presented in Figure 8 (higher disturbances at lower density levels).
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Fig. 9. Probability of adopting a collision probability function multiplied by a given CrashSeriousness Parameter w, by vehicles simulated at
density = 30 veh/km/lane (x-1, x = a, b, or ¢), density = 60 veh/km/lane (x-2, x = a, b, or ¢), and density = 100 veh/km/lane (x-3, x = a, b, or ¢) for
(a) prospect theory model, (b) CRRA, and (c) ECRA.

6. Conclusions

The ultimate goal of this research effort is to provide a comprehensive numerically verifiable theory for utility-
based car-following models. Apart from the methodological contributions (i.e. linking decision making theories to
traffic flow theory) and the numerical contributions (i.e. formulating a numerically tractable calibration process and
simulating real-world congestion dynamics) associated with these models, this study mainly addresses the following
questions:

1-  What type(s) of utility functions best describe observed microscopic and macroscopic traffic conditions?

2-  How significant are the behavioural heterogeneities and what is their impact on traffic mobility and safety?

Answering Question 1: from a homogenous stable traffic conditions’ standpoint, the different presented subjective
utility functions (SUFs) produce realistic macroscopic triangular fundamental diagrams both through analytical
derivation (i.e. integration method) and through simulation (inter-driver interaction replication). However, the
dynamics produced when dealing with the non-homogenous traffic states/regions (i.e. delimited through congestion
waves’ formation, propagation and merger) are very different. Based on the micro-feasibility analysis and the
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simulation results, the Constant Relative Risk Aversion (CRRA) SUF along with the Prospect Theory (PT) SUF
produced the most stable behavior without the quick formation of multiple waves at medium density levels (i.e. one
single wave is observed). However, it is only with the PT model that well-delimited congestion bands are seen in the
speed distribution maps offered in this paper. Such congestion bands with multiple shockwaves are seen at high density
levels in the case of the PT model and at medium density levels in the case of the Expected Constant Relative Risk
Aversion (ECRA) model. It should be noted that these multiple waves are observed when analyzing the Route 101
Next Generation Simulation (NGSIM) data used to calibrate the different proposed models. The Exponential Constant
Relative Risk Aversion (CRRA) model resulted in more “chaotic” speed bands (even at low density levels) that may
not be a characteristic of every-day recurrent commute congestion. Such finding may be explained given the modeling
approach adopted in this paper (i.e. approach: a microeconomic modelling framework translated into a longitudinal
driving behavior model that reflects the cognitive dimension of the driver decision-making process).

The ECRA model represents a driving behavior that is sensitive to the surrounding stimulus thus amplifying the
response to either the leader getting further away (i.e. acceleration domain) or the leader being approached (i.e. the
deceleration domain). It should be noted that the cause of such amplification is not the perception/sensory dimension
(i.e. reflected by the relatively small weight associated with the gains and losses as plotted in Figure 3). The drivers
adopting the ECRA “decision logic” are considered as risk-averse (thus the “risk aversion” nomenclature when
referring to ECRA utilities) and have constant rate of increase in the weights associated with the alternatives being
evaluated (i.e. thus the “constant” nomenclature when referring to the ECRA utilities). The cause of the amplification
is attributed to the decision making/judgement process (as defined by the Information Processes/Process Theories
presented both in Figure 1 and in Section 2). The exaggeration in the response is mainly due to the exponential term
(i.e. Equation 13) as this constitutes the main different between the ECRA model and the CRRA model. Based on the
calibration results and the error distributions across vehicles, we can state that the ECRA model produced smaller
errors than the CRRA model possibly indicating the ECRA’s utility better describes the microscopic traffic conditions
observed on Route 101 (based on the utilized NGSIM trajectory data set). This is also attributed to the fact the ECRA
function reproduces different congestion waves as seen in the Route 101 NGSIM data while the CRRA model does
not show a transient phase moving from a single wave to a homogeneous congestion region (i.e. Figure 9-b). However,
the ECRA’s judgement module may be better suited for traffic modeling during extreme conditions (near collision or
evacuation scenarios) with the drivers still showing a rational behavior (i.e. all the models presented in this model are
considered to be within the realm of rational models given their micro-economic utility-based construct). In other
words, even though the calibration results and the macro and the micro analysis of the formulation suggests the
suitability of both the ECRA and the PT models, the simulation results show the superiority of the PT model for every
day car-following modeling. Such superiority is further validated through the lower PT calibration errors.

Comparing the CRRA model with the PT model, the main difference is attributed to the intra-driver heterogeneity
reflected by the added randomness (i.e. wider acceleration probability distribution function) seen in the CRRA model
(i.e. Figures 5 and 6). However, the risk-averseness is accentuated in the PT SUF as seen in Figure 2 (i.e. a higher
weight attributed to the losses in speed when comparing the CRRA and the PT models). Moreover, the PT model
shows an anisotropy when comparing the weights between the “loss” domain and the “gain domain”. Such accentuated
risk-averseness and anisotropy overcome the added randomness and the wider acceleration distribution functions seen
in the CRRA model. Risk averseness and anisotropy may be the main cause of the added stochasticity seen in the PT
model and thus the added PT disturbances observed in the corresponding simulated speed maps. In conclusion, we
claim that the PT SUF is more representative of driver behavior when congestion is manifested and that drivers are
risk averse in nature during every-day commute conditions. However, when the traffic conditions become more
challenging, risk-averseness and sensitivity increases in possibly ECRA judgement during extremely challenging
traffic conditions.

Answering Question 2: as explained earlier, intra-driver heterogeneity may be manifested through the
perception/judgement stochastic process rather than the changes in the models’ parameters depending on the traffic
condition at hand. In other words, the models suggested in this paper are inherently stochastic (the models’ final output
is an acceleration probability density function — pdf — rather than a single acceleration value) and are able to capture
the intra-driver heterogeneity observed during different instances of the driving episodes. Given the limited cumulative
error level seen in the calibration exercise (for all three models), we claim that intra-driver heterogeneity should be
seen as a natural outcome of the decision-making process rather than being forced by changing the models’ parameters
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at different times of a given driver’s trip. This hypothesis results in a more tractable calibration approach and an
additional ease when implementing and analyzing a given car-following model. The main type of heterogeneity that
is manifested in this paper is however the inter-driver heterogeneity. Such heterogeneity is clearly seen in Section 4
and is a major factor transforming the homogeneous fundamental diagram (i.e. Figure 2) into a traffic system with
scattered flow density data points and different congestion regimes (i.e. Figure 9). In other words, it is the intra-driver
risk-averse stochastic decision-making process and the inter-driver heterogeneity that results in the different congested
regimes and the corresponding shockwave formation, propagation, merger and dissipation (thus producing different
congested states). The inter-driver heterogeneity is then an added contributor to the capacity drop and the decrease in
safety leading to additional near-incident scenarios. It should be noted that we can create all congestion states by just
changing the demand/supply boundary values when setting up any simulation exercise. The capacity to recreate such
states is a necessary condition to claim that a car-following model is acceptable and reproduce rear-world congestion
dynamics. However, the behavioral reasoning associated with the transition between such states especially when not
controlling for the boundary conditions are what remain unexplained numerically and through simulation. This paper
claims that the stochastic risk-averse decision-making processes are the behavioral reasons leading to the transitions
between different traffic states and are the main drivers for human errors and incident formation.

In summary, this paper does not simply utilize a given utility function (for example, a tanh form of a prospect
theory — PT — subjective utility function — Hamdar et al., 2015) to produce additional simulation results. An alternative
formulation construct is offered with a direct comparison between well-established SUFs made possible. For
implementation purposes, the resulting formulated SUFs were smoothened and made differentiable rendering the
asymptotic approximation possible for implementation and calibration purposes. The SUFs were then integrated into
a micro-economic stochastic framework (resulting in acceleration pdfs) while allowing for perception and judgement
errors leading to possible rear-end collisions. Accordingly, this paper develops a construct to offer multiple utility-
based forms that may capture acceleration behavior while calibrating and simulating the corresponding models. The
initial PT model of Hamdar et al. (2015) is modified and framed in a more general context of behavioural economics
with different variants. As an outcome, the CRRA SUF was based on a re-formulation of the PT SUF; moreover, a
new ECRA SUF formulation is presented and analyzed microscopically and macroscopically. The resulting
methodological formulation is further supported by an elaborate empirical and simulation study: a more elaborate
calibration and validation showcases the ability of recreating different congestion dynamics while capturing inter-
driver heterogeneity and intra-driver stochasticity. With such modelling approach, driver behavioural elements were
introduced into the acceleration modelling research allowing the understanding of certain traffic phenomena as an
outcome of individual risk-prone drivers’ decision-making processes. Simpler physics based, or stimulus-response
acceleration models need phenomenological driving characteristics as a direct input. However, the association to the
human behavioural dimensions remains somewhat unclear. The offered models directly connect such dimensions,
particularly risk attitude, with the driving style, particularly with the desired time gap. This can be directly used (i) to
investigate how different driver personalities influence the efficiency and the stability of traffic flow, and (ii) to
develop adaptive-cruise-control subsystems of automated vehicles which feel comfortable for a given personality.

Despite the findings made in this study, we acknowledge that further work is still possible along this line of research
(i.e. incorporating cognitive dimensions into the driving decision-making process). For example, further calibration
and simulation runs may be made while attributing different decision-making logic (i.e. SUFs) to different drivers.
Moreover, the authors may conduct extended simulation effort while reproducing additional safety metrics. Such rates
may be then compared to rear-world collision rates calculated through mining through both traffic detector and
collision data repositories. This may lead to additional insights answering Question 2 presented in this Conclusions
Section. Finally, the flexible formulation framework presented in this paper may be further expanded to take into
account {) different expected utility forms, i) additional traffic performance measures, and iii) alternative gain/loss
coding methods.
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