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Abstract

Ph.D. Thesis

Macroscopic Traffic Flow Modelling in the Presence of Vehicle Automation and
Communication Systems

by Kallirroi PORFYRI

Over the past few years most of the countries are facing the consequences of the ever-
increasing number of vehicles, which lead to a continuous increase of congestion phenomena,
resulting in significant increases in travel times, fuel consumption, and emissions, as well as
reduced traffic safety. Conventional approaches for solving the problem of traffic congestion
by expanding the existing infrastructure and operational improvements - such as
auxiliary lanes, additional alternate routes and interchange modifications - remain practically
infeasible, mainly due to economic and environmental reasons. Instead, comprehensive traffic
control strategies can be defined to mitigate the problem of persisting traffic jams. However,
the employment of efficient real-time traffic control measures entails the availability of reliable
and robust traffic flow models that may be used to develop and validate the proposed control
strategies. In this context, an effective calibration and validation process appears to be
mandatory to ensure the credibility of traffic flow models in performing real-world
simulations and optimization scenarios.

Concurrently, engineers are seeking for solutions to improve the road network
efficiency and capacity by means of Intelligent Transportation Systems (ITS). Specifically,
during the last decade, an enormous continuing interdisciplinary effort is performed by the
automobile industry, as well as by various research institutions around the world, to plan,
develop, test, and start deploying a variety of Vehicle Automation and Communication
Systems (VACS) that are expected to bring radical changes in the way the traffic flow will be
controlled and optimized within the next decades. VACS, such as Adaptive Cruise Control
(ACC) and Cooperative Adaptive Cruise Control (CACC) systems, have been initially
developed based on new commuting alternatives for drivers and passengers, with particular
emphasis given on improving comfort, convenience, and safety, as well as reducing traffic
congestion.

This thesis, which is composed of two parts, is an early attempt towards this direction.
More specifically, the first part deals with the advancement of traffic flow models, with
emphasis on macroscopic ones. In particular, within this thesis the well-known continuous
second-order macroscopic gas-kinetic-based traffic model (GKT model) was validated,
regarding the representation of traffic conditions at congested freeway areas. The model was
calibrated and validated by employing an optimization methodology based on a parallel,
metamodel-assisted Differential Evolution (DE) algorithm (synchronous and asynchronous)
and using real traffic data from two different motorway networks; a motorway stretch in the
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U.K., where severe traffic congestion is created due to high on-ramp flows during the morning
peak periods, and a freeway stretch in Greece, where recurrent congestion is triggered by a
saturated off-ramp during the morning peak hours. Moreover, a multi-lane approach of the
GKT model is evaluated using real traffic data from the aforementioned network in the U.K.
Subsequently, by implementing the same optimization scheme, the GKT model was
compared with the most popular discrete time-space macroscopic traffic flow model, namely
the METANET model, in terms of the representation of traffic flow conditions at the
motorway stretch in the U.K.

The GKT second-order traffic flow model, presented in the first part of this
dissertation, provides the methodical prerequisites for the second part of the dissertation,
where a novel concept of two alternative models for the macroscopic simulation of ACC and
CACC traffic is discussed. This approach is based on the introduction of a relaxation term in
the momentum equation of the GKT model that satisfies the time/space-gap principle of ACC
and CACC systems. In this thesis both linear and nonlinear stability analyses are performed,
to derive the stability threshold of the aforementioned models, and additionally study the
influence of the equipped vehicles on the traffic flow stabilization, with respect to both small
and large perturbations around the equilibrium state.
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IlepiAnyn

Ta televtaia xpovia, MoAAEG BropnYavikég Y®Peg AVTIHETOIIICODY TIG OLVEIIELEG TOV OLVEXMS
avSavopevoo aplipod TV oxNEATOV, YEYOVOgG IOV 001 Yel 08 OLVEXT] ALSH O TOV PAVOPEVOV
OLPPOPNONG. ADTA €XOLV WG ATIOTEAEOHRA T1] ONUAVIKL] avSNon TV XPOvev Tadtolon, v
KATAVAA®OI1] KAVOIPI®V, TG EKITOUIIEG Kavoaepiav, Kabmg Kat ) peiworn g KOKAOPOPLAKIg
ao@dAetag. Ot oopPatikég pédodot yia v emthoon tov TPoPAPATOG TG KOKAOPOPLAKI|G
OLPPOPNOTNG, PE EMEKTAOT TOV DIIAPXOVOMV DIIOOOPMV KAl AELTOLPYIKEG BEATIOOELG, OTIMG Ot
BonOntikég Awpideg, ot mpoobeteg evAANAKTIKEG OLAOPOHEG KAl Ol TPOIOIIOU|0ES T®V
HPETAPOP®Y, TAPAPEVOLY  MPAKTIKA — aVEPIKTEG, KOUPIWG AOY® OWKOVOPIK®V Kt
neptPallovtik®v  Aoywv. Avtifeta, pmopet va  xprnowporou)fel  eVOAAKTIKA — pid
ONOKANP@PEVT OTPaTNyIKl) €AEyXOoL TG KLKAOQOPLag, IIPOKEIpEVOL va HeTPLaoTel TO
IPOPANIA TO®V OLVEX®V KDKAOPOPLAK®DY COHPOPHOE®V. L0TO00, 1) ePAPHOYI] AITOOOTIKOV
PETP@V EAEYXOD TG KUKAOQPOPLAG O IPAYHATIKO XPOVO ODVEIIAYETAL TV LIPS ASIOMOTOV
KAl E0PMOTOV POVTEA®V KUKAOPOPLAKI|G POI)G, TA OIoid PUropoovv va xpnotpornoufovv yia
TNV avdamTodn KAt )V emKOP®ON TOV IPOTEWOHEV®OV OTPATYIKOV EAEYXOL. XT0 HAAiolo
aoto, pa amoteleopatikr) Stadikaoia Pabpovopnong Kat emxOPOONG PAaiveratr va eivat
avaykata ywa va eao@aliotet 11 aSlomotia 1oV HOVTIEA®V KDKAOPOPLAKI|G PO1)G KATA TNV
EKTENEON TIPAYHATIKOV IIPOCOHOI®OEDV KAl OEVAPI®OV PEATIOTOIIOMON|G.

Tavtoxpova, emotpoveg Kat pnYavikol otig pépeg pag avadnroovv ALOEG yid T
BeAtimon g arroTeAeOPATIKOTTAG KAl TG XOPNTIKOTNTAG TOV 0OIKOV OIKTO®OV, PE0® TOV
Zovotpdrav Evpoov Metagopav. Zoykekpipéva, Katd 1) dtapkela g teAevtatag dexaetiag,
npaypatonouw)dnkav tepdotieg oovex1(OpeVeg OEMOTHOVIKEG IPOOoTIabeleg Ao tov KAAado
g avtokwvntolopnyaviag, kabwg Kot ard moAvdapdpa epevvnTikd WOpLOPATA 0 OAOV TOV
KOOPO yld TO OXeOlaopo, TV avamtodn, T OOoKipn) KAt T XPNOlHoIoinon Howile®v
OLOTPAT®V ALTOHRATIOHOD KAl EMKOWVOVIAG OXNHAT®V, TA OMOld AVAPEVETAL VA PEPOLV
pLlikég alayég otov TPOmo eAéyyoL Kat PeATiotonoinong tg KOKAOPOPLAKIG OIS OTIg
enopeveg dexaetieg. Ta ovotjpata avtd, onwg ta ovotpata Adaptive Cruise Control (ACC)
kat Cooperative Adaptive Cruise Control (CACC), avamtoxfnkav apyxikda Paocn viémv
eVAAAKTIK®OV HETAKIVNONG yld Tovg 0dnyovg Kat tovug emPateg, pe Oaitepn) ép@aon ot
PeAtimon g dveong, TG €LKOAlAg Kat TG aocpdAelag, kabmg xat ot peiwon Ing
KOKAOQOPLAKI|G OOHPOPNONG.

H epyaoia aotr), 1n omoia amoteAdeitat amo dvo kvpla péprn, etvatr pla mpotn
npoondabeta mpog avtr) v katevdovor). [To ovykekppéva, To IPOTO PEPOG acyoAeitat pe v
eCeAl) TV POVTEA@V KOUKAOQOPLAKIG POT|G, HE ERPAOI OTA PAKPOOKOMIKA HOVTEAd. ZTd
m\atiota g napovoag StatpiPrig, To YVeOTO O0VEXEG 211G TASNG PLOVTENO KDKAOPOPLAKI|G PO1IG
gas-kinetic-based traffic model (GKT) aSioloynOnke oxetkd pe myv wKavomtd tov va
AVAIIaploTd T1g KOKAOPOPLaKeg ouvOrKeg o IePLoyEg AVTOKIVITOOPOR®V DITO KUKAOPOPLAKI)
oopgopnon. To poviého Pabpovopndnke xat emxvpwbnke pe T xpron pag pedodov
BeAtiotonoinong Paotopévny oe mapalnlo Atagopikd ESediktiko alyopipo (Differential
Evolution (DE) algorithm), xpnowponowwvtag mpaypatikda Oedopéva xivnong amod &vo
dagopetikd diKTLA ALTOKIVITOOPOP®V: AIIO &vd TUNHA ALTOKVITOdpOopov oto Hvepévo
Baot\eto, omov epgavifetat coapr) KOKAOPOPLAKT] oup@opnon eSattiag TV DYPHNAOV pomv
ot pApHa €woo00L KATAd TI§ HPMWVEG ®Peg dalypng, Kabog xkat amo éva Turpda
avtokwvntodpopov ot v ENdda, omov enavalapfavopevn ovpeoOpnorn IPoKaAeiTat aro pia
pdapma 5600V, €miong Katd Ti§ IPMVEG wpeg alypng. Emuméov, n mpoogyyion moAarmiov
Awpidov tov poviedov GKT adioloyrnOnke pe ) xprion ODpaypatikev 0edopevev Kivnong
amo to npoavagepbev diktoo oto Hveopevo Baoileto. Z1n ovvéxela, epappolovtag tov i6to
alyopiBpo PeAtiotomnoinong, 1o GKT poviého ovykpifnke pe to mo Onpo@iAég Olaxpito
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paxpookomko povtélo, to METANET, oxetikd pe Vv kavottd Tovg Vd avardapaotjoovV
T1G OLVOr|KeG KOKAOPOPLAKIG PO1IG OTO THIHLA TOL ALTOKIVITOdpopov oto Hvapévo Baoileto.

To 2ng tadng GKT povtédo kokAo@opiknig porg, onmg Ba mapovotlaotel 0To IPmTO
pépog, mapeyet ta pebodoNoyIKd mpoarattovpevda yid 1o 0evTePo PéPog g dtatpiPrig, Ormov
napatifevtat 6vo vea poviéha pakpookorrkig npooopoimong yta ACC xkat CACC oxnpata.
ZoyKekplpéva, 1 véa mpooeyyon Paoifetat oty e0aymyr] evog Opov XAAIP®ONg otnv
eClowon) g oppur)g Tov GKT povtéhov, o onoiog tkavorotet TV apyr) TOL XPOVIKOL/ X®PLKOV
kevoo (time/space-gap) tov ACC kxat CACC oxnupatev. Emuipoobeta, ot dwatpiPr) aotn
eCetadetatl TOOO 1] YPAPHLKL] 000 KAl I | YPARHKL avdaAvor evatofnoiag, IpokeyeEvov va
IIPOKLYEL TO Oplo evotdbelag TV VEOV POVTEA®Y, TA Oomoia eival IKavd vd IPOCOHOIOVOLV
) oopneprpopda 1oV ACC xat CACC oxnpdtov oty KOKAOQOPLaK!] por), Kabwg emiong Kat va
pedetnOel 1 emppor] avteVv TV eSOMMOpEvaV oxnpdatov otr otabepomoinon g
KOKAOQOPLAKI|G POIG, OO0V APOPd TOOO PIKPEG 000 KAl peyaleg OlATAPAxEG YOP® arid TV
KATAOTAOL) 100PPOIILaG,.
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Chapter 1: Introduction

A rapid growth of vehicular traffic flow modelling has taken place over the last decades, the
main reason being the need for efficient usage of existing traffic infrastructures and for the
optimal design of new ones. The rising financial and, especially, environmental costs of
persisting traffic jams, as well as their impact on the quality of life, put additional pressure
towards the development of novel traffic flow simulation tools. Moreover, during the last
decade, there has been an enormous continuing interdisciplinary effort, made by the
automobile industry as well as by numerous research institutions around the world, to plan,
develop, test and start deploying a variety of VACS that are expected to revolutionize the
features and capabilities of individual vehicles within the next decades.

Towards this direction, in this thesis two second-order macroscopic traffic flow
models, able to simulate the impact of ACC and CACC vehicles on traffic flow dynamics, are
presented and analysed in order to study their qualitative properties by deriving proper
stability conditions with respect to both small and large perturbations. For the development
of these models, the existing second-order macroscopic GKT model was implemented as the
basis model. Moreover, a novel numerical approach was applied for the numerical
approximation of the GKT model, along with its multi-lane extension. Additionally, the
numerical simulation approach was combined with an optimization procedure to enable the
automatic estimation of the most crucial parameters of the model; specifically, a parallel,
metamodel-assisted Differential Evolution (DE) algorithm was employed for the calibration
of the GKT model (and its extensions).

In the following Sections 1.1 and 1.2, the motivation and the objectives of this work are
presented. Section 1.3 provides an outline of the thesis structure and an overview of the
remaining chapters. Finally, this first chapter will be completed by giving a list of the related
publications (Section 1.4).

1.1 Motivation

The need for robust, realistic, and time-efficient modelling tools, for evaluating different
traffic systems and ITS technologies, has increased remarkably in recent years. Traffic flow
models can now be employed for the planning and assessment of road infrastructures, traffic
surveillance and monitoring, incident detection, as well as for the development and testing of
traffic control strategies and other operational tools (Kotsialos & Papageorgiou, 2001).
Currently, several commercial traffic simulation models are available, and even more
mathematical models have been developed by researchers all over the world (Van
Wageningen-Kessels, 2013). However, several questions are raised about the level of
proximity of these models to reality and its representation. In this context, an effective
calibration and validation process is deemed mandatory for any simulation model, so as to
ensure its credibility and validity in performing real-world simulations, by capturing realistic
distribution for all possible traffic conditions (Henclewood et al., 2017). However, the
calibration and validation, especially of second-order macroscopic traffic flow models,
constitutes a difficult task, as the assignment of appropriate values to the unknown model
parameters is a challenging problem, because of the highly non-linear nature of the model
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equations. As a matter of fact, relatively few calibration results for such macroscopic traffic
flow models have been reported so far (Ngoduy & Maher, 2012). Hence, this thesis aims to
commence a promising calibration process for establishing accurate and robust traffic flow
simulations.

Over the past few decades, as the volume of transport has grown significantly, in
contrast to the construction of transportation infrastructure, traffic congestion has become
remarkably worse and more widespread in many countries (Papageorgiou et al., 2003).
Concurrently, many efforts have been made aiming to investigate the formation and diffusion
of traffic flow instabilities; it is well known that even small perturbations resulting from the
response of drivers to a stimulus can lead to the formation of congestion and traffic jams. In
many occasions these emergent traffic jams could become a serious problem rather than a
small inconvenience, deteriorating the overall traffic performance, increasing fuel
consumption, increasing air pollution, as well as leading to severe infrastructure
underutilization (Jiang et al., 2017). Moreover, such traffic jams are usually associated with
traffic flow instabilities, including stop-and-go driving conditions, which, under congested
states, can grow and travel against traffic direction (Ngoduy, 2012a). The application of new
technologies in the field of VACS, is expected to provide additional tools for the remedy of
the aforementioned traffic flow problems, reducing the adverse impacts of traffic flow
instabilities through the selection of suitable operating parameters.

1.2 Objectives and Approach

The aim of the present research is twofold. Firstly, it attempts to describe the development
and implementation of a calibration and evaluation methodology, which is based on an
optimization procedure, utilizing a parallel (synchronous or asynchronous), metamodel-
assisted DE algorithm. The proposed methodology is applied for the calibration of the second-
order macroscopic GKT model, as well as for the calibration of an extended version of the
model, able to deal with multi-lane traffic. The model was numerically approximated by an
accurate and robust high-resolution Finite-Volume (FV) relaxation scheme, where the
nonlinear equations were first transformed to a semi-linear diagonalizable problem, with
linear characteristic variables and stiff source terms, and then discretized using a higher-order
weighted essentially non-oscillatory (WENO) scheme. For the evaluation of the proposed
optimization procedure, this was employed for the calibration of the numerically discretized
GKT model’s parameters, using real traffic data from two different motorway networks; a
motorway stretch in the U.K., where severe traffic congestion is created due to high on-ramp
flows during the morning peak periods, and a freeway stretch in Greece, where recurrent
congestion is triggered by a saturated off-ramp during the morning peak hours. For further
increasing the computational efficiency of the utilized DE algorithm (on top of its
parallelization), it was combined with two Artificial Neural Networks (ANNs), a multi-layer
perceptron (MLP) and a radial basis functions network (RBFN), which serve as surrogate
models and accelerate the convergence of the optimization procedure. Moreover, the
proposed procedure was used to calibrate the well-known macroscopic second-order
METANET model, for the aforementioned motorway stretch in the U.K., and compare the
corresponding results to those of the recently developed second-order traffic flow model.
Finally, both GKT and METANET models are validated against different traffic flow
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conditions (than those used for their calibration), and compared regarding their accuracy in
representing the prevailing traffic conditions.

The second objective of this dissertation refers to the investigation of the qualitative
properties of the developed ACC and CACC models and the derivation of proper stability
conditions, with respect to both small and large perturbations around the equilibrium state.
To this end, the linear stability method is first applied, which refers to linear Taylor
approximations, used throughout the analysis, in order to study the influences that small
introduced perturbations induce to the macroscopic characteristics of ACC and CACC traffic
flow. Linear stability analysis is a widely established approach to estimate the stability
performance of the systems controlling the traffic flow, as it provides a valuable insight into
the general behaviour and performance of the system (Ngoduy, 2012a). Furthermore, a non-
linear stability analysis of the proposed macroscopic models for ACC and CACC traffic is
performed, as it allows for a more accurate examination of the global stability conditions,
under which a large perturbation travels against the traffic flow. Thus, a nonlinear stability
criterion is derived, using a wavefront expansion method under large perturbations, which
enables the investigation of the shock wave propagation properties of the developed ACC and
CACC macroscopic model. Moreover, numerical simulation is additionally conducted to
validate the derived non-linear stability conditions for the developed ACC model.

Specifically, considering similar studies available in the literature, the following
contributions are introduced in this dissertation:

e The development of a computational procedure, based on a parallel (synchronous or
asynchronous), metamodel-assisted DE algorithm, for solving the constrained
continuous multi-extremal optimization problem of traffic flow model calibration. The
proposed procedure is evaluated with respect to its efficiency, accuracy, and
robustness for the automated calibration of different second-order traffic flow models.

e The implementation of the proposed computational procedure for the calibration of
the numerically approximated single-lane GKT model via a high-resolution finite
volume relaxation scheme. Additionally, the validation of the model takes place to
assess its accuracy in the reproduction of congestion created at freeways close to
on/ off-ramps.

e The implementation and testing of the proposed computational procedure for the
calibration of the multi-lane extension of the GKT model, which includes a large
number of calibration parameters, with the specific hi-order discretization scheme.
The ability of the proposed computational procedure to calibrate a large number of
parameters is demonstrated, while the robustness of the calibration procedure is
confirmed through the validation of the model in different traffic flow conditions.

e The evaluation and comparison of the synchronous and asynchronous versions of the
developed parallel, metamodel-assisted DE algorithm (in the test problem of the GKT
traffic flow model calibration), in order to demonstrate which one of them is best
suited for the problem at hand, in terms of computational efficiency and quality of the
optimal solution.
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e The application of the proposed computational procedure for the calibration of an
alternative traffic flow model, namely the METANET, and the comparison of the
produced calibration and validation results with those produced for the GKT second-
order traffic flow model.

e The linear stability analysis and the derivation of the corresponding stability
conditions for the ACC/CACC extensions of the GKT model, to investigate the effects
of the incorporated ACC and CACC characteristics on the stabilization of the traffic
flow, under small perturbations around the equilibrium state.

e The nonlinear stability analysis and the derivation of the corresponding stability
conditions for the ACC/CACC extensions of the GKT model, to investigate the effects
of the incorporated ACC and CACC characteristics on the stabilization of the traffic
flow, under large perturbations around the equilibrium state.

e The investigation of the theoretical findings of the previous linear and nonlinear
stability analyses, using appropriate numerical simulations.

1.3 Thesis Outline

The thesis consists of two major parts, organized in a series of self-contained chapters. In Part
I, the computational methodology, developed for the calibration and validation of
macroscopic traffic flow models, will be presented. Part II, contains the linear and nonlinear
stability analysis of the ACC/CACC extensions of the GKT second-order macroscopic traffic
flow model and the numerical investigation of the findings of the corresponding analyses.

This first chapter introduces the reader to the importance of the topic being studied
and presents the motivation and the objectives of this thesis. The structure of the rest of the
thesis is as follows: Chapter 2 presents some prerequisite notions and a state-of-the-art of
traffic flow modelling, with emphasis on macroscopic traffic flow models. Chapter 3 presents
a full description of the major elements composing the proposed numerical optimization
procedure and presents the numerically approximated GKT model via a high-resolution finite
volume relaxation scheme; this is later employed and evaluated, regarding the representation
of traffic conditions at congested freeway on/off-ramps areas. A brief description of the well-
known METANET model, which is compared with the GKT model, regarding the proposed
optimization scheme, is also included. Chapter 4 contains the calibration and validation
results of the proposed optimization method, including qualitative and quantitative
comparisons of the obtained results for the GKT model, using real traffic data for two
particular freeway stretches, as well as for the METANET model. In Chapters 5 and 6 the two
macroscopic approaches reflecting ACC and CACC traffic dynamics in the GKT model are
analysed; a linear and a nonlinear method are utilized to analytically derive the influencing
conditions to the stability of traffic flow based on the developed models. Numerical study to
qualitatively support the analytical findings is also involved. Finally, Chapter 7 contains some
conclusions and information on ongoing and future work.
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Chapter 2: State-of-the-art of Vehicular
Traffic Flow Modelling

2.1 Introduction

Vehicular traffic flow modelling is rapidly growing, mainly due to the rising need for more
efficient usage of existing traffic infrastructures and for the optimal design of new ones. The
constantly increasing economic and environmental cost of traffic congestion and its influence
on the quality of life, put additional pressure on the development of novel and accurate traffic
simulation models. Such traffic flow models may be used for traffic surveillance and
monitoring, as well as for the development and testing of traffic control strategies and other
operational tools (Kotsialos & Papageorgiou, 2001). Thus, to effectively manage and control
traffic flow in order to improve mobility, appropriate traffic models have been developed to
simulate and forecast traffic flow states; for the time being, at least 100 traffic flow models
have been studied, which are broadly classified into microscopic, mesoscopic and
macroscopic ones (Wagner, 2010). The objective of this chapter is to present an overview of
the most important developments in traffic flow modelling at two fundamentals levels: the
microscopic and the macroscopic one (including the successful gas kinetic approaches),
focusing on the most popular macroscopic traffic flow models.

In general, traffic simulation models can be roughly divided according to
the level of detail they provide. Specifically, microscopic traffic flow models capture traffic
dynamics through highly detailed representations of individual vehicles. Moreover, the use
of microscopic models is widely spread among researchers and engineers due to their
properties, such as their versatility, the included visual interfaces and the visualization of the
actual vehicle movement, their ability to model different vehicle and driver characteristics,
and the use of actual road geometries. Microscopic simulation models are often used in
evaluating congested intersections (Messer, 1998), weaving sections (Stewart et al., 1996),
freeway bottlenecks (Halkias et al., 2007), merging and lane changing (Hidas, 2002), among
others. On the other hand, macroscopic approaches capture traffic dynamics in lesser detail,
by using aggregated relationships and variables, such as flow, density, and mean speed. It is
worth noting that macroscopic models describe traffic flow as a continuum flow and are
derived in proportion to continuum models for compressible fluid. The application of
macroscopic simulation models is addressed at large-scale networks (Kotsialos et al., 2002;
Carlson et al., 2010) or real time traffic control in order to reduce congestion and improve
mobility (Hegyi et al., 2005a, 2005b; Lu et al., 2010). Finally, the mesoscopic models use a
medium level of detail, combining the accuracy of the microscopic and the computational
efficiency of the macroscopic approaches into a hybrid model. The most successful among
these are based on the gas-kinetic model, which is used to derive the macroscopic models
based on the method of moments (Helbing, 1997a; Hoogendoorn, 1999).

The decision on which scale of models, i.e. microscopic or macroscopic (including the
gas kinetic models) is the correct one to formulate traffic flow problems, has troubled many
traffic engineers over the last decades. From the state-of-the-art review, the substantial
advantages and disadvantages of the two different categories of traffic flow models are briefly
resumed below. Primarily, microscopic models require a large number of parameters
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compared to macroscopic models, which frequently are not easy to observe and measure. So,
in general, microscopic models deemed more demanding than macroscopic ones, requiring
greater effort for the calibration and validation procedures. Moreover, despite their significant
improvement over the last years, disadvantages still exist. For example, unnatural lane
changing and car merging in on-ramps has been observed, which asks for more attention by
the research teams involved in their development (Hueper et al., 2009, Van Wageningen-
Kessels, 2013).

On the other hand, the lower complexity of macroscopic models makes them more
suitable for studying large-scale problems. Furthermore, some of the main advantages of the
macroscopic models are their numerical efficiency (compared to microscopic ones), their good
agreement with empirical data, their suitability for analytical investigations, the simple
treatment of inflows (contrary to microscopic models), and the allowance to simulate multi-
lane flows by effective one-lane models. Nevertheless, the microscopic simulation models’
attribute to recognize in detail the behavior of each vehicle, enables more accurate estimation
of individual vehicles' response under realistic traffic conditions, such as the congestion
propagation and dissipation (Van Wageningen-Kessels, 2013).

The rest of this chapter is structured as follows: Section 2.2 presents an overview of the
most important developments of microscopic traffic flow models. Section 2.3 discusses the
evolution of macroscopic traffic flow models over the last few decades. Section 2.4 introduces
the reader to calibration process of traffic flow models.

2.2 Microscopic Traffic Flow Models

Microscopic traffic flow models are used to describe the motion of each individual level and
they were primarily developed in the ‘50s, after the pioneering works on car-following theory
by Reuschel, 1950 and Pipes, 1953, see Figure 2.1. In general, microscopic models can be
distinguished in the following two major categories:

e Continuous Space and Time Models use ordinary or delay-differential equations and,
consequently, the variables vary continuously in space and time. One of the most
prominent examples of this approach is the car-following models that are based on the
assumption that drivers follow their leader and adjust their behavior according to the
conditions in front (Treiber & Kesting, 2013).

e Discrete Time and Discrete Space - Cellular Automata (CA) Models describe traffic
dynamics in a completely discrete way by using (generally small) integers; where
space is subdivided into cells and time into time steps (Figure 2.1). The first CA model
has been proposed in (Cremer & Ludwig, 1986).

In microscopic traffic flow models, vehicles are numbered to indicate their order: n
denotes the vehicle under consideration (subject vehicle), n — 1 denotes its leader, n + 1 its
follower etc. The behavior of each individual vehicle is modeled in terms of the position of the

. . __dxp . __dvp _ doxy” .
front of the vehicle x,, velocity v, = —* and acceleration a, = —* = —5- (Van Wageningen-

Kessels, 2013). In the remainder of this section, some examples of models for each of the above
categories will be discussed, providing some insight into mechanisms of different microscopic
modelling approaches.
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FIGURE 2.1: Illustration of different traffic modelling approaches: A snapshot of a road section at time
t, is either characterized by macroscopic traffic flow quantities, such as average velocity u(x, t.), traffic
density p(x, to) or flow q(x, t,), or, microscopically, by the positions x.(t,) of single driver-vehicle units
a. For CA, the road is divided into cells, which can be either empty or occupied by one vehicle maximum.

2.21 Car-following models

Several theories have been proposed in the literature since the ‘50s to model car-following
behavior that can be further divided into safe-distance models, stimulus response models and
action point models.

Safe-distance models

Safe-distance or collision avoidance models try to simply describe the dynamics of the
following vehicle in relation to the leading one, by adapting their velocity to maintain a safe
distance to avoid collision. In this respect, a very simple model is Pipes” rule (Pipes, 1953),
according to which the position of the leader is expressed as a function of its follower
formulated by

Xn—-1 = Xn + S + Tvn + ln—l (2.1)

with S being the distance between the two successive vehicles at standstill, T the minimum
time headway and [,,_; the length of the leading vehicle; Tv, is interpreted by Pipes as the
“legal distance” between the two vehicles.

A similar approach was proposed by Forbes et al., 1958, while Kometani & Sasaki, 1961,
tried to improve the traffic dynamic theory of Pipes by deriving a new car-following model
based on the basic Newtonian equations of motion. More specifically, it was assumed that the
driver seeks to maintain a safe following distance behind the leading vehicle, even if the
predecessor were to act “unpredictably” (e.g., slows-down abruptly). Furthermore, they
replaced the distance between the two successive vehicles at standstill, S, in Pipes” model with

10
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a velocity-dependent term and introduced reaction time 7 (time delay). Through their study,
they established the basic concept of the collision avoidance model in car-following situations.
The mathematical formulation of the model is given as:

Ax(t — 1) = avi_1(t — T) + B1v(t) + Bv, + by, (2.2)

where Ax is the relative distance between vehicle n and n — 1, 7 is the reaction time and «, ;,
B and b, are constants to be calibrated.

The next major development of safe-distance models was made by Gipps, 1981, who
configured the reaction of the following vehicle based on the supposition that each driver sets
limitations to their desired braking and acceleration rates. These limitations allow the model
to estimate a safe speed for the following vehicle in order that it can come to a safe stop if the
preceding vehicle stops abruptly. Gipps” model has the following form:

v, (t v, (¢
Vp(t +7) = min{ v, (t) + 2.504xT <1 — n( )> 0.25 — ﬁ ,

Umax Umax
(2.3)
V1 (t)?
AminT + \/arznin‘r2 — Qmin <2(xn—1(t) - xn(t) - Sjam) - vn(t)T - %) )

where a,,,, denotes the maximum acceleration, a,,;, the maximum deceleration (minimum
deceleration), vp,q, the desired (maximum) velocity, T the reaction time and sj4, the jam
spacing (front-to-front, or equivalently rear-to-rear, distance between two vehicles at
standstill). Another simple safe-distance model with delay was proposed by Newell, 1961 and
a second one a few years later by Newell, 2002.

Stimulus-response models

The second class of car-following models involves a stimulus-response notion, based on the
supposition that the drivers of the following vehicle attempt to adapt to the behavior of the
vehicle ahead. This car-following procedure is based on the following principle

Response(t + 7) = Sensitivity X Stimulus(t) , (2.4)

and can be interpreted as that the following vehicle’s driver’s action (response) is proportional
to the magnitude of the stimulus created by the leading vehicles” behavior; the response is the
acceleration or deceleration of the following vehicle, delayed by an overall reaction time 7.

A well-known application of stimulus-response models in traffic analysis is the car-
following approach by Chandler et al., 1958, which is based on the intuitive hypothesis that
the driver’s response (acceleration or deceleration) is proportional to the relative speed
between the leader and the follower, as shown below

an(t +7) =y (V1 (t) — va (1)), (2.5)

or equivalently

an(t) = Y(vn—l(t - T) - Un(lfL - T)) ’ (26)

where y denotes the driver’s sensitivity; the receding rate v,,_; (t — 7) — v, (t — 1) is considered
as the stimulus, the acceleration a,(t) as the response, hence the name stimulus-response
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model. The stimulus-response concept was also used in the car-following model by Herman
et al., 1959 and Helly, 1961. Moreover, Gazis et al., 1961 proposed the following expression for
driver’s sensitivity y, consolidating the now famous GHR-model (named after the authors
Gazis, Herman, & Rothery)

_, (vp-1 ()
(*n-1(t = 1) =%t = D))

where c is a sensitivity parameter and c¢; and ¢, are parameters used to fit the model to the
data.

14 (2.7)

More recently, a new model called Optimal Velocity Model (OVM) was developed by
Bando et al., 1995, introducing an optimal velocity function that allows the following vehicle
to adjust its speed towards the optimal one, which is a function of the headway. The governing
equations are as follows

an(t) = k (Vope (42 (D) = va (D)), (2.8)

Vopt (AX) = Uy (tanh(s — c¢1) +¢3), (2.9)

with k the sensitivity parameter, Ax,, the spacing with respect to the leader (4x,, = x,,-; — x3)
and c¢; and ¢, the parameters of the optimal velocity function v,,.(4x) such that
tanh(sjqm — ¢1) + ¢; = 0. Bando et al., 1998 extended their model by introducing the explicit
delay time 7 in order to construct realistic models of traffic flow: in the right-hand side of
equation (2.8) t is replaced by t — 7.

Finally, the Intelligent Driver Model (IDM) by Treiber et al., 2000 is one of the most
popular stimulus-response models that have emerged over the last years. The IDM model was
developed to better reproduce the various traffic situations realized by the following
continuous acceleration function

) * A 2
a = Qmax = (1 - (Ur:ax) - <S(US—U)> )! (2.10)

where a4, denotes the maximum acceleration, v,,, the maximum velocity, § the

acceleration exponent and s*(v, 4v) the desired space gap function. According to equation
(2.10) the acceleration in the IDM model consists of two parts, one comparing the current
velocity v to the maximum (desired) velocity vy,4,, and another comparing the current
distance s to the desired distance s*, given by Treiber & Kesting, 2013

vAv
s*(v,4v) = Sjgm + max (0, Tv + —) , (2.11)

2 AmaxAmin

with a,,;;, denoting the minimum acceleration, s;,,, the jam spacing and T the minimum time
headway.
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Action point models

The third class of car-following models consists of action point or psycho-spacing models, first
introduced by Wiedemann, 1974. In general, the psycho-spacing car-following models follow
thresholds where a driver makes a change in their behavior at an action point.

The basic behavioral rules of such so-called action point models are:

e At large spacings, the behavior of the following vehicle is not influenced by that of
other vehicles.

e At small spacings, the behavior of the following vehicle is only influenced by that of
other vehicles if changes in relative velocity and headway are large enough to be
perceived.

2.2.2 Cellular Automata (CA) Models

To conclude this section, a special class of discrete microsimulation models is discussed; the
well-known CA models, with the approach by Nagel & Schreckenberg, 1992, being the most
famous one. In the cellular automata models, the space is split into homogeneous cells of equal
length, and time is divided into time steps of equal duration. These cells can be either empty
or occupied by one vehicle at maximum, while each vehicle has an integral velocity with
values ranging from zero to v,,, see Figure 2.1.

One update of the system consists of the following consecutive steps, which are
performed in parallel for all the vehicles

Acceleration: If the vehicle has a smaller velocity than its maximum, vy, then
accelerates: ¥ = min(¥ + 1, Upqy)-

e Deceleration: If the headway to the preceding vehicle is too small, then the vehicle will
decelerate: ¥ — min(7, Siam — 1).

e Dawdling: Given a probability r, the velocity of a vehicle decreases spontaneously: ¥ —
max (¥ — 1,0) with probability .

o Moving: X > X+ 7,
where ¥ is the normalized vehicle velocity in number of cells per time step, 7,4, the

normalized maximum velocity, §j4, the normalized jam spacing in number of cells, X the cell
number and 7 the deceleration probability.

2.3 Macroscopic Traffic Flow Models

Macroscopic traffic flow models, which describe traffic behavior in terms of aggregated traffic
flow variables, can be classified into first-, second-, or higher-order models in the sense of the
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number of partial differential equations they involve, see Figure 2.1. First-order models,
originally developed by the pioneers Lighthill-Whitham-Richards, 1956 (LWR model),
(Lighthill & Whitham, 1955; Richards, 1956) adopt the mass conservation equation and the
fundamental diagram to describe the evolution of traffic density. However, although the
approaches of this class are simple, reproducing qualitatively a number of real traffic
phenomena, such as the formation of shock waves, they suffer from several limitations and
they have proved to be inadequate for describing complicated traffic flow dynamics. More
specifically, these models do not allow for fluctuations of velocity around the so-called
equilibrium fundamental diagram and they have limited capability to replicate certain real
dynamic phenomena observed on freeways, such as the hysteresis, the capacity drop and
relaxation, the stop-and-go waves at bottlenecks, as well as the spontaneous congestion or
platoon diffusion. To overcome the shortcomings of the LWR-type models a lot of research
has been devoted to develop second- or higher-order macroscopic models, which incorporate
(at least) the momentum equation, in addition to the continuity one, to describe the evolution
of flow/speed dynamics. Although such models, with the Payne model (Payne, 1971) being
one of the most popular among them, have the potential to capture the aforementioned non-
linear wave phenomena with higher accuracy, when compared to real-time traffic data, they
use an increased number of parameters to describe the aggregate infrastructure-vehicle-driver
behaviors.

In this section, an elaborate description of the most popular models of the two major
branches of macroscopic models is presented, namely first-order models (Section 2.3.2) and
higher-order models (Section 2.3.3). Furthermore, in Section 2.3.1 the conservation equation
that governs all macroscopic traffic flow models is discussed.

2.3.1 Conservation Equation of Macroscopic Traffic Flow Models

All macroscopic traffic flow models are governed by one fundamental equation that is based
on the conservation of vehicles on the road. Assuming that the vehicles are moving from left
to right, the conservation of vehicles equation, also known as the continuity equation, can be
written as (Gerlough & Huber, 1976; Kiithne & Michalopoulos, 1997):

dp(x,t) 0q(x,t)
at T

(2.12)

where x [km] denotes the spatial coordinate in the direction of traffic flow, t [h]is the
time, p [veh/km] is the density and q [veh/h] denotes the flow. This equation formally
represents the assumption that between two counting stations in a motorway section without
entrances and exits, the traffic flow is always conserved; in other words, vehicles are not
created or destroyed. This equation is complemented by the fundamental relationship

q(x,t) = p(x, Hv(x, t) (2.13)

with v [km/h] being the mean speed. However, equations (2.12) and (2.13) constitute a system
of two independent equations and three unknown variables. Consequently, to solve this
system an additional equation or an assumption is needed, which by extension can lead to
various types of continuum traffic flow models. For example, the equation which is based on
the assumption that flow is a function of density (g = q(p)) or equivalently that speed is also
a function of density (v = v(p)) leads to the first-order macroscopic traffic flow models, while
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the high-order continuous models are supplemented by momentum equations. In the ensuing
of this section, several model specifications are reviewed.

2.3.2 First-order Models

Lighthill and Whitham (Lighthill & Whitham, 1955) and, independently, Richards (Richards,
1956) have taken the first major step towards the development of the most popular first-order
model so far, commonly referred to as the LWR model. The LWR model employs the
conservation equation (2.12) and is supplemented by the fundamental equation of traffic flow
(equation (2.13)) and the following relationship between the mean speed and the traffic
density under equilibrium conditions (known as the fundamental diagram):

v(x,t) =Ve[plx,t)]. (2.14)

Hence, the non-linear first-order partial differential equation that results by substituting
equation (2.13) and (2.14) into conservation equation (2.12) has the following form:

dp(x, t) N A(pGx, Ve px, )

= 2.15
Jt 0x 0. (2.15)

Because of its simplicity, the LWR model has received a lot of attention and critique.
The main drawback of the model lies on the fact that vehicles are assumed to attain their
desired speed (represented by the fundamental diagram) instantaneously after a change in
the traffic state, implying infinite acceleration and deceleration. However, as pointed out by
Liu et al., 1998, since the speed in this model is determined by the equilibrium speed-density
relationship (equation (2.14)), no fluctuations of velocity around the equilibrium fundamental
diagram are allowed. Thus, the model is not suitable for the description of non-equilibrium
traffic flow dynamics occurring at on-ramp areas, lane-drop areas, or stop-and-go traffic,
having as well other unrealistic consequences, such as the lack of hysteresis effects or traffic
instabilities. Another deficiency of the LWR model is that the shift from the free flow regime
to the congestion one always takes place at the same density and without a decline in the
capacity; therefore, the use of the LWR model for designing traffic control strategies is
restricted (Papageorgiou, 1998). Several researchers tried to address the above model
limitations by variants of the LWR model (see, e.g., Newell, 1965; Daganzo et al., 1997;
Lebacque, 2002; Leclercq, 2007).

2.3.3 Higher-order Models

Second-order or higher-order traffic flow models incorporate one (or more) Partial
Differential Equation(s) (PDE(s)), in addition to the continuity one (equation (2.12)), to
describe the evolution of flow/speed dynamics. In this section, the most pioneering
approaches of high-order traffic flow models are presented.

The Payne-Witham (PW) model (1974)

The Payne-Whitham (PW) model, proposed independently in (Payne, 1971) and in (Whitham,
1974), is one of the first non-equilibrium traffic flow models derived from a simple stimulus-
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response car-following model by means of Taylor's expansion. Its acceleration equation
(momentum equation) has the following form

0w d(pu* +P(p)) _ ) <Ve(p) - u) ’

2.16
ot 0x T ( )

where P(p) is the pressure like term of flow, given as P(p) = cZp with ¢, the anticipation
parameter that reflects how the drivers react to traffic density. Further, the model includes a
relaxation term that keeps speed concentration in equilibrium (the drivers tend to adapt their
speed to the equilibrium speed-density relation V¢(p)), with V¢(p) being the equilibrium
speed described by the fundamental relation and t being a speed relaxation time.

Although the PW model improved the deficiencies of the LWR model, allowing
fluctuations of speed around the equilibrium values and taking into account the vehicles’
acceleration capabilities and the drivers’ reaction time, it has received much critique as it
seems to fail in some fundamental properties of traffic flows (Del Castillo et al., 1994; Daganzo,
1995a). The main drawback of the model that Daganzo (Daganzo, 1995a) has been concerned
about, is that the anisotropic nature of traffic is not preserved, implying that vehicles do not
only react to the downstream traffic conditions but also on upstream traffic conditions.
Moreover, the PW model allows slower vehicles to be affected by the faster ones and there
can also be cases (e.g. tail of congested regions) of negative speeds and flows.

Over the years, a number of extensions-modifications of the momentum equation of
the PW model have been proposed, in order to improve the models’ deficiencies. In particular,
writing the momentum equation (2.16) in its most general form

ou ou Ve(p) —u 10P

Jt 0x T p 0x (217)
A . ——
acceleration relaxation anticipation

and using different settings for the traffic pressure P, the relaxation time 7 and the equilibrium
speed-density relation V/¢(p), the following macroscopic traffic flow models arise:

e Phillips’ model (Phillips, 1979) is obtained using a density dependent relaxation time
7 = 17(p) and approximating the traffic pressure using P(p) = p8(p), with 6(p) being
the velocity variance; this is estimated as 8(p) = 0y(1 — p/pmax) With ppq, being the
maximum traffic density.

e Papageorgiou’s model (Papageorgiou et al., 1990) is derived for P(p) = —V°(p)/2t
and constant relaxation time 7. Moreover, additional terms were introduced in order
to consider merging and lane-changing phenomena, namely the —évr/p and the
—@AApu?/p., term; § and @, being model parameters, r is the incoming on-ramp flow,
A2 are the number of lanes being dropped and p,, is the critical density.

¢ Kerner-Konhiuser (KK) model (Kerner & Konhduser, 1993, 1994) is obtained using
P(p) = pbB(p) — "Z—Z' with 8(p) = 6, being a positive constant and 1 = 1, a viscosity

coefficient.
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e Zhang’s model (Zhang, 1998) is derived for P(p) = % p3Ve'%(p) with Ve'(p) = %;p)'

This approach ensures that traffic disturbances are always propagated against the
traffic stream.

Treiber et al. model (1999)

A recent contribution to the field of macroscopic flow models is made by (Treiber et al., 1999).
The authors proposed a model based on gas-kinetic principles, the well-known GKT model
that was derived from a microscopic model of vehicles” dynamics. The resulting speed
equation is given as
ou ou (Ve(p, U, PorUg) — u> 10P
=p

In the GKT model, the “traffic pressure” P is given by P = pf = pA(p)u?, with pA(p) a
density-dependent function, while the equilibrium velocity, towards which the average
velocity relaxes in the real traffic state, is defined as

0+ 06, PaT
Ve(p, U, g Uy) = U 1- (
©re max ZApmax 1- pa/pmax

)2 B(Au)] , (2.19)

where U4, is the maximum desired speed, T is the desired time-gap, ppqx is the maximum
density, p, and u, are the density and velocity, respectively, at an advanced “interaction
point” and B is the Boltzmann factor. In contrast to other macroscopic models, equation (2.19)
depends not only on the local (p,u) but also on the non-local traffic state (p,,u,), thus
introducing non-locality. The non-locality has smoothing properties similar to those of a
viscosity term, but its effect is forwardly directed and, therefore, more realistic. A detailed
description of the GKT models” equations is provided in Chapter 3.

The Aw-Rascle (AR) model and the Aw-Rascle-Zhang (ARZ) model (2000)

In order to remove the defects of the PW and its derivative models, Aw and Rascle (Aw &
Rascle, 2000) proposed the involvement of the total derivative of the pressure-like terms in
the momentum equation (without relaxation term) that reads as

0u+P@) , ou+P®) _

2.20
ot 0x ’ (2.20)

where now the pressure term P(p) is a smooth and increasing function of density, given as
P(p) =p¥, vy >0.

A model similar to the AR model was proposed in (Zhang, 2002), the so-called Aw-
Rascle-Zhang (ARZ) model; the momentum equation that describes speed dynamics is
derived from a car-following model and is given as

dy 9dP(p)
hd _ 2.21
5 5 =0 (2.21)
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where y = pu — pV¢(p) and P(p) = pu(u — Ve(p)) = uy. The variance y in this case can be
considered to be the difference between the actual flow (¢ = pu) and equilibrium flow (q® =
pVe).

2.3.4 Discretization of Continuum Macroscopic Models

All macroscopic traffic flow models presented so far (in Sections 2.3.2 and 2.3.3), are based on
conservation of the traffic flow. Mathematically, each of these models originally consist a
hyperbolic system of PDEs that describes the time-evolution of traffic density, speed and flow.
These partial differential equations cannot be solved analytically; thus, appropriate numerical
schemes must be applied before being used in a computer simulation. In general, time is
divided into discrete time steps while, depending on the model, also space or other
continuous variables are discretized. Subsequently, numerical methods are applied to
approximate solutions for conservation laws (approximate the new traffic state at each time
step), resulting in a discrete traffic flow model. From an engineering application approach,
the ultimate space-time discretized models should be as plain as possible and have nice
analytical attributes (e.g. have a precise state-space form, perform continuous and
differentiable functions), which would permit simple, as well as transparent computation
codes, convenient discretization intervals, brief computation times, as well as direct
application of dynamic mathematical methods (e.g. Kalman filtering, optimization, optimal
control) (Papageorgiou, 1998; Kotsialos & Papageorgiou, 2001).

To date, several discrete traffic flow models have been derived from continuum ones.
Examples are the numerical solutions to the LWR model, namely, the Cell-Transmission
Model (CTM) by Daganzo, 1994, 1995b and the discretized approach by Lebacque, 1996, who
applied the Godunov-scheme. Moreover, the FREFLO model by Payne, 1979, which is a
discretized version of the second order Payne model and the METANET model by Messmer
& Papageorgiou, 1990, which is a discretized and enhanced variation of the Payne model, are
among the most popular simulation tools. The models of Van Maarseveen, 1982, Kotsialos et
al., 1999, Lyrintzis et al., 1994, and Liu et al., 1998, are also some examples of discrete Payne-
type models.

2.4 Calibration of Traffic Flow Models

No matter which approach is used, the microscopic or macroscopic one, accurate modelling
of traffic flow requires three types of data: model inputs, model parameters and observed
outputs. Model inputs involve the demand-side data, for which a traffic simulation is
performed. Model parameters involve different types of supply-side parameters used in the
traffic simulation, depending on the level of complexity in modelling. This is true for both
microscopic and macroscopic models, since they all contain some set of parameters in their
structure, whose values represent the particular road network’s traffic flow features. The
output data observed in the real-world is required in order to compare model outputs and
evaluate the accuracy of the models. Macroscopic models call for a relatively small number
of parameters, compared to microscopic ones, which results in significantly less demanding
and computationally expensive, but by no means trivial, calibration and validation processes
and, therefore, in a more versatile model development for real-world applications.
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Within this thesis the discrete second-order model METANET and the numerically
solved second-order gas-kinetic-based traffic GKT model are tested, validated and compared
with respect to their accuracy in the reproduction of congestion created at freeways close to
on/off-ramps, using real traffic data from two freeway stretches located in U.K. and Greece.
Moreover, the recently developed multi-lane GKT model is validated using real traffic data
from a three-lane freeway stretch in the U.K. Both METANET and GKT models are among the
most widely used macroscopic traffic flow models and have been utilized by several research
groups in order to handle various traffic engineering tasks, such as simulation, optimization,
estimation and optimal freeway traffic control. Chapter 3 includes a detailed description of
the utilized macroscopic traffic flow models and the calibration procedure, while the
calibration and validation results are presented in Chapter 4.
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Chapter 3: Calibration of Macroscopic
Traffic Flow Models

3.1 Introduction

The rapidly expanding traffic and transportation applications call for efficient and accurate
traffic flow models, for assessing their potential impact on environment and community
decision-making. As such, accurate traffic flow models are a prerequisite for a number of
important tasks in the field of traffic management, including transportation planning, traffic
simulation, traffic surveillance and monitoring, incident detection, assessment and planning
of road infrastructures, control strategy design as well as the evaluation of transport energy
consumption. Currently, several commercial traffic simulation software packages are
available, and even more mathematical models have been proposed by research
centers and groups all over the world. However, several questions are raised about the level
of proximity of these models to reality and its representation. Hence, to ensure the credibility
and validity of any model in performing real-world simulations and optimization scenarios,
providing simultaneously reliable and reproducible results, the implementation of a
calibration and validation procedure is mandatory.

Despite the increasing popularity of macroscopic traffic simulation models, relatively
few studies in the literature have addressed, or actually conducted, calibration and validation
of such models against real traffic data; most of the research done to date has focused on
model and software development. However, as indicated by Papageorgiou, 1998 and Ni et al.,
2004, model validation is the ultimate criterion for assessing the extent to which existing or
new macroscopic traffic flow models replicate real traffic phenomena, and consequently the
usefulness of their development and implementation is a valuable tool for the efficient
simulation and optimization of traffic flow for specific transportation infrastructures.

Regarding the calibration of first-order macroscopic traffic flow models, the
Fundamental Diagram (FD), which represents a direct mapping from density to traffic flow,
plays a vital role. The FD calibration procedure mainly concerns the estimation of the FD
parameters of the relevant discrete road sections in order to maximize the model’s descriptive
power to represent traffic flow characteristics. The most widely deployed model of this order
is the CTM by Daganzo, 1994 and detailed calibration methodologies can be found in Mufioz
et al., 2004, 2006. Moreover, a comparative study of the first-order CTM and the second-order
METANET (Messmer & Papageorgiou, 1990) for a freeway in Greece, based on the
deterministic Nelder-Mead algorithm (see, e.g., Nelder & Mead, 1965; Lagarias ef al., 1998) has
been recently presented by Spiliopoulou et al., 2014.

Within the vast literature of second-order macroscopic traffic flow models, researchers
have come up with different employed algorithms to calibrate and validate them against real
traffic data. Extensive validation studies of METANET for the modelling of the Paris ring road
and the large scale motorway networks around Amsterdam are reported by Papageorgiou et
al., 1990, and Kotsialos et al., 1998, 2002, respectively, where the deterministic complex
algorithm of Box (Box, 1965) was used for the calibration procedure. The Box algorithm was
also used to calibrate the improved Payne's model (Cremer & Papageorgiou, 1981; Sanwal et
al., 1996), as well as a proposed macroscopic traffic simulation model (of the so-called “node
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model” type) by Monamy et al., 2012. An extension of the Nelder-Mead optimization
technique was described by Ngoduy et al., 2004, in order to determine the parameters of the
considered macroscopic model equations for various numerical schemes. Moreover, the gas-
kinetic traffic flow model (Treiber et al., 1999) was validated by Ngoduy & Maher, 2012, on a
5 km section of a motorway in the U.K., using a generic Monte Carlo technique, namely the
Cross Entropy Method (CEM) (Boer et al., 2005). A number of derivative free optimization
algorithms are evaluated and compared in Spiliopoulou et al., 2015, for the parameter
estimation problem of METANET model with respect to the robustness of the proposed
model, the required computation time, and the optimum cost function time. A parameter
identification algorithm for the METANET model, with a limited number of loop detectors, is
discussed by Frejo et al., 2012; the algorithm was tested with real traffic data from a highway
in California with satisfactory results. The METANET validation of a U.K. motorway is also
described by Poole & Kotsialos, 2012, where the calibration problem was solved by means of
a genetic algorithm with a least-squares method.

At this point, it is worth mentioning that there are several works in the literature
concerning the development of online calibration methods for macroscopic traffic flow
models, where a random walk is introduced to the model parameters, resulting to augmented
traffic flow variables and the model parameters being estimated (see, e.g., Wang &
Papageorgiou, 2005, Wang et al., 2006; Luspay et al., 2010; Ngoduy, 2011); although such
applications have been extensively used for real-time traffic state estimation problems, they
are beyond the scope of this thesis. Moreover, despite the fact that this work is devoted to the
calibration and validation of macroscopic traffic flow models, it is important to highlight that
a great deal of studies have been undertaken by several researchers dedicated to optimization
methods for the calibration of microscopic traffic models (Brockfeld et al., 2005; Hoogendoorn
& Ossen, 2005; Lee & Ozbay, 2009; Hoogendoorn & Hoogendoorn, 2010).

This thesis puts forward an optimization scheme, based on a parallel, synchronous or
asynchronous metamodel-assisted DE algorithm (Storn & Price, 1995, 1997; Price et al., 2005),
to determine the optimal parameters of the second-order macroscopic GKT model (Treiber et
al., 1999; Helbing et al., 2001; Treiber & Kesting, 2013). This optimization algorithm is used to
minimize the relative error between the model prediction and the observed real data. Such a
calibration process presents a quite complex problem, since it takes the form of minimizing a
cost function with numerous local minima, which traditional gradient-based algorithms
usually fail to avoid.

Among the various search and optimization techniques, Evolutionary Algorithms
(EAs) have emerged over the past few years as an essential and versatile tool of dealing with
demanding high-dimensional real-world optimization problems. EAs are capable of handling
non-differentiable, nonlinear and multimodal cost functions, based on the principles of
natural selection and evolution. From a population of candidate solutions, each individual is
evaluated on the basis of its fitness function, and the best one is selected to proceed to the next
generation and evolve through a certain process. However, despite the important contribution
of EAs in solving complicated problems, they suffer from a significant drawback; a
considerable number of evaluations is needed, which usually calls for significantly increased
computation time. In order to overcome this barrier, the use of surrogate models
(metamodels), in conjunction with parallel processing, appears to be an efficient approach.

The population-based searching mechanism of EAs makes them eminently suitable for
parallelism. In the vast literature, different Parallel Evolutionary Algorithms (PEAs) can be
found (Luque & Alba, 2011; Alba et al., 2013) aiming not only to improve the efficiency, but
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also to enhance the arithmetic performance, if structured populations are adopted. The
different types of parallel EAs can be mainly divided in two categories; panmictic EAs and
structured ones (Cantu-Paz, 1999, Alba & Tomassini, 2002). Combinations of the
aforementioned categories have been reported in the literature, resulting in hybrid models,
such as hierarchical hybrids (Hu & Goodman, 2002; Jong et al., 2004; Oliveira et al., 2004;
Acampora et al., 2011). In panmictic EAs, a global parallelization model is usually followed,
which utilizes a unique population of candidate solutions, while the selection operation is
applied to all members of the population. The whole procedure is tailored by a central
processor, which distributes the members of the population to different processors in order to
be evaluated in parallel, while the selection step is performed only by the central one
sequentially. This model is usually combined with a Master-Slave architecture. Synchronous
and asynchronous parallel implementations of panmictic PEAs have been proposed in the
literature (Alba & Troya, 1999, 2001). Since synchronous parallel EAs waste a lot of idle time
waiting for completion of the longest fitness evaluation, asynchronous evolutions approaches
seem like a mandatory step towards computational-time-savings. In general, asynchronous
parallel implementations of EAs generate a new solution without waiting for the evaluations
of other solutions, unlike the conventional synchronous approaches, which should wait for
all evaluations to be completed before continuing with the next generation (Scott & De Jong,
2015a, 2015b).

In general, PEAs mostly use structured populations, following either the island (dEAs)
or the cellular model (cEAs) (Cantu-Paz, 1999; Llora & Garrell, 2001; Li & Kirley, 2002; Alba
& Dorronsoro, 2005; Tomassini, 2005). For the parallel implementation, the population is
divided into subpopulations called demes, and each one evolves separately on its assigned
processor. In dEAs each subpopulation is comprised by many individuals, while in cEAs the
subpopulation corresponds to a single individual. The demes exchange individuals with some
migration frequency, to ensure the propagation of good solutions. In a dEA the
subpopulations are loosely connected to each other, whereas in cEAs every individual can
interact only with its neighbours. When implementing the island model, only a small number
of subpopulations is used, in opposition to cEAs, where the number of subpopulations is
equal to the population size (Cantu-Paz, 1999; Alba & Tomassini, 2002). Hybrid PEAs
implementations utilize the multi-population dEA model along with the fine grained cEA
model, resulting in better convergence behavior (Hu & Goodman, 2002; Jong et al., 2004;
Oliveira et al., 2004; Acampora et al., 2011).

In this thesis, a parallel DE algorithm has been developed, based on the panmictic
approach, by using a unique population that is distributed among the processors with a
Master-Slave architecture. Separate executable programs perform the evaluation of each
individual in the population, while the required data exchange and communication between
the processors are achieved by using MPI (Message Passing Interface) library functions.
Furthermore, the utilization of two ANNSs as surrogate models within the DE algorithm
enhances its performance by substituting the computationally time-consuming exact
evaluations of the fitness function with low-cost approximations.

The structure of the present chapter is as follows: In Section 3.2 the numerically
approximated GKT model (along with its multi-lane extension) via a high-resolution finite
volume relaxation scheme, as well as a brief description of the METANET model, are
presented. In Section 3.2.3 a full description of the major elements composing the proposed
numerical optimization scheme is outlined.
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3.2 Selected Macroscopic Traffic Flow Models

3.21 GKT Model

In this section, we recall some basic definitions and the differential equations governing the
GKT model, according to Treiber et al., 1999, Helbing et al., 2001, Treiber & Kesting, 2013 and
Delis et al., 2014, 2015a. Let p(x, t), hereafter p for short, denoting the traffic density (number
of vehicles occupying at unit length), which accounts at location x and time instant t, u(x, t),
hereafter u for short, denoting the average speed, while by definition q = pu denotes the
traffic flow rate (number of vehicles per unit of time). The GKT model can be written in
conservation form (balance law) form with source terms, namely the 7., and h;n, ones,
representing traffic flow from on-ramps (or to off-ramps), as well as a traffic relaxation term,
with I being the equilibrium speed as

9cp + 9 (pu) = Trmp » (3.1)

(3.2)

Vo' (p) — u)
. Rymp-

¢ (pw) + 0, (pu® + 6p) = p (

Following from Treiber & Kesting, 2013, the term 7,,,,, on the right-hand side of the

continuity equation (3.1) denotes the effective source density that is only active within the

merging (diverging) sections with length l,.,,,, and inflow Gy, > 0 from (or outflow gy, < 0
to) the ramps, and is determined as

t
o (1, £) = qr{:’li ) if x inside the merging zone, (3.3)
0 elsewere.

Further, the source term A, in the momentum dynamics equation (3.2) describes changes in
the macroscopic local speed, by assuming that on-ramp vehicles merge to the main road at
speed Uy, < u. On the contrary, the drivers considered to leave the main road reduce their
speed to u,,;, before they diverge to the off-ramp. Hence, this term can be written as

q Trmp n (urmp - u)lQrmpl

lrmp

(3.4)

hymp (x,t) =

In equation (3.2), 6 denotes the pressure-like term, computed as a density-dependent
fraction A(p) of the squared velocity 8 = A(p)u?, where A(p) is given by the Fermi function
as

A(p) = Ay + 64 [1 + tanh (p P : CT)] , (3.5)

where p,, is the critical density, reflecting the boundary for the transition from the free flow
to congested traffic state, with A, and A, + 264 the variance pre-factors between the
aforementioned two states, while 6p is the width of the transition region. Typical parameter
value ranges for Ay, 64, and 6p, along with other typical used model parameters of the GKT
model are specified by Treiber et al., 1999, Helbing et al., 2001, Treiber & Kesting, 2013 and
Delis et al., 2014, 2015a.
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Another advantageous feature of this model is the involved traffic relaxation term that
tends to keep the velocity concentration in equilibrium state, with V" = V,"(p, u, ps, uy) being
the dynamic equilibrium speed, depending not only on the local (p,u) but also on the non-
local traffic state (pg, uy). Thus, the dynamic equilibrium speed, towards which the average
speed relaxes, is determined as

0+ 06, ( PaT

2
 2APmax \1 — pa/pmax> wa] ' 36)

Ve'(p) = Umax [1
According to equation (3.6), the dynamic equilibrium speed is computed as the maximum
desired speed, u;qy, reduced by a braking non-local term, which reflects necessary
deceleration maneuvers in traffic flow at the downstream interaction location x, = x +
Y(1/Ppmax + T - u), with T being the average time-headway, p,,4, the maximum density and y
a scale factor. Finally, B(6u) is a so-called Boltzmann interaction factor that contains the
standard normal distribution and the Gaussian error function, given as

—&u?/2 Su p-y?/2
B(6u) = 2 |6u + (1 + su? f dy|. (3.7)
(6u) or ( ) T y

The above monotonically increasing term describes the dependence of the braking

interaction on the dimensionless velocity difference su = (u —u,)//0 + 0,, taking into
account the velocity and variance at the actual position x and the interaction point x,,
respectively.

The decisive difference between the GKT model and other macroscopic traffic flow
models is its non-local character, which was derived by adopting realistic assumptions of
driving behavior. Specifically, it turned out that the non-locality of the braking term in
equation (3.6) has similar smoothing attributes as a diffusion or viscosity term, but its effect is
more realistic, as it is forwardly directed, which means that vehicles react on density or
velocity gradients in front of them. Moreover, in contrast to other macroscopic models, the
steady-state (equilibrium) speed-density relation of GKT model, V¢(p), is not explicitly given,
but it rather results from the steady-state condition of homogeneous traffic.

3.2.1.1 The Multi-lane GKT Model

In the following, the recently developed by Delis et al., 2015b, multi-lane GKT model is briefly
presented. In general, continuous models that simulate multi-lane traffic flow dynamics, are
based on a nonlinear system of conservation laws, with additional source/sink terms, in order
to take into account lane-changes due to vehicle interactions, as well as spontaneous ones.
Hence, assuming a highway with N lanes, which are numbered by [ = 1,2, ..., N, the multi-
lane GKT model can be written in vector form (for each lane, [), supplied with initial
conditions, as follows

oewy + 0, f(w) = s(w) + w(uy, ..., uy),
(3.8)
ul(xl 0) = ul,O (X) ’

where the functions u;, f(u;) and s(u) € R? with w, = [ul,u?]T = [p, q/]%, f(w) =

[orur, prw® + 6ipy)" and s(uy) = [Trmp1, (01Ver — p11)/T + Rymp1]T- The variables p;, u;, and
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q, are the traffic density, the average speed of vehicles and the traffic flow rate at the I-th lane,
forl =1,2,...,N, respectively. Herein, following the definition of the pressure-like term 6, =
A(p)u;?, the density-dependent variance factor A(p,) is given as:

AMm)=&u+&hP+mm%&%f@Q} (3.9)
1

Furthermore, terms 7y, 1 and hyy, 1 reflect the impact of traffic flow from on-ramps (or to
off-ramps) on the first lane and take non-zero values only for the corresponding lane. As in
the case of the single-lane GKT model (see Section 3.2.1), the term 7,,,,,, ; denotes the effective
source density that is only active within the merging sections with length [,,,,;, and inflow
Grmp,1 > 0 from (or outtlow g,y 1 < 0 to) the ramps, determined as

CIrmp,l (t) . . . .
———— if xinside the merging zone,
Trmpa 06 0) =47 Lo / ging (3.10)
0 elsewere,

while the term h;.,;, ; describes changes in the macroscopic local speed by assuming that on-
ramp vehicles merge to the main road at speed U, <u. On the contrary, the drivers
considering to leave the main road reduce their speed to u,,,, before they diverge to the off-
ramp. Hence, for the multi-lane GKT model this term is expressed as

T u —u
hrmp,l (x,0) = q1 " "rmp,1 n ( rmp l 1)|qrmp,1| . (3.11)
1 rmp

The non-local and dynamic equilibrium speed, V,; l(Pl. Uy, Pa i um), toward which the
average speed relaxes, is determined as

0,+6 T, 2

V’(< = U 1-
el max,l 2A(Pmax,) \1 = Pa,1/ Pmax,i

while the Boltzmann factor B(u;), with 6u; = (u; — ug;)/\/6; + 04, takes the form

e—5u12/2 Suy e—y2/2
B(ou;) =2 [5111 N + (1 + 5u12) N dy|. (3.13)

Further, according to model equations (3.8) for the multi-lane traffic, the source term
w;(Uy, ..., uy) € R? represents the sources and sinks due to lane-changing, resulting in a
weakly coupled system of 2N equations. The components of the lane-changing terms are
defined as

1 1 1 1
12 _ 1,2 1,2 1,2 1,2
W= <TlL ] U — TR U ) (1 - 51,1) + <TlR ] Uiy — T} U, ) (1 - 5l.N) ) (3.14)
- +

with % and TLR being the lane changing rates from lane [ to left [ +1 and right [ -1,

respectively, and §; ; the Kronecker delta. The lane changing rates are defined as

1
T_zL = P (pi+1)v(p) + S,

(3.15)
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1 R
R = Pr(p1-)(1 = PL(pr41))v(p) + SE,
where the terms Py ; (p;) are the lane-changing probabilities in response to vehicle interactions
and v(p) =ve(1—p)p{ are the interaction frequencies regarding deceleration and
acceleration; for simplicity, considered that P (p) = P, (p). The shape of Py (p;) depends on
a characteristic density value (pp), while that of v(p;) depends on the value of v, as depicted
for example in Figure 3.1.

Further, we assume here that the spontaneous lane changes, which are not caused by
vehicle interactions and described by the terms S;"%, are formulated as

LR LR Prx1 g 3.16
SER = bR (q - L (3.16)

pmax,lil

in which k;"® and B are spontaneous lane-changing parameters. For the spontaneous lane-
changing terms in equation (3.16), the European-rule of primarily using the right lane at low
densities is adopted (Shvetsov & Helbing, 1999; Ngoduy et al., 2005). Calibration results have
shown that spontaneous lane-changing mainly influences low-density regimes. Setting f = 8
in equation (3.18), a smooth correction pre-factor Gg,, with 0 < Gg, (p) <1, is used to account
for the European traffic rule by modifying S} as S{* Gz, and SF as S® /Gg,, (Delis et al., 2015b).

1 ‘ ; 0.08
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% \:iom—
*04f
0.02-
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0 02 0.4 06 08 1 0 0.2 04 p 06 0.8 1

P

FIGURE 3.1: (Left) Lane changing probability for pe,i=0.3pmax,1 and pp=0.025. (Right) Lane
changing frequency for normalized density, for v/=0.4.

3.2.1.2 The Relaxation Approach for 1-D systems of conservations laws

For the numerical integration of system (3.1)-(3.2) or equivalent system (3.8), an accurate and
robust high-resolution finite volume relaxation scheme was applied. This section, briefly
describes the developed relaxation scheme and its numerical discretization.

Model equations (3.1)-(3.2) can be written in vector form, supplied with initial
conditions, as

diu+ 0, f(w) =s(u),
(3.17)
u(x,0) = uy(x),
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where the functions u, f(u) and s(u) € R? with u = [p,q]%, f(w) = [pu, pu?® + 6p]" and
s(w) = [rrmp' PV — pw)/T + hrmp]T-
Systems in the form of (3.17) can be rewritten in quasi-linear form

Jiu+J(wo,u=s(u), (3.18)

. . of . . . . . . -
in which J(u) = % is the Jacobian matrix of the system. This Jacobian matrix has two distinct,

real and positive eigenvalues, for all physically reasonable parameter sets, given as

19P 19P\*> qoP 0P
e 2 (2 497 o 3.19
A1z u+26q_\](26q) +r6q+ap' G19)

which denote that the model equations constitute a strictly hyperbolic set of partial differential
equations.

In what follows, the class of relaxation models by Jin & Xin, 1995, which applied to
various second-order macroscopic traffic flow models by Delis et al., 2014, is briefly presented.
Introducing the artificial variables w, the corresponding to (3.17), relaxation system reads as

o,u+ d,w=s(u),
(3.20)
u)—w
ow + C%0,u = %
and the extra initial condition w(x,0) = wy(x) = f (uo (x)), where the small parameter e
(0 <€ « 1), is the relaxation rate, and €? = diag{c?,c3} is a positive diagonal matrix.
Applying the Chapman-Enskog expansion in system (3.20), the following approximation for

u can be obtained,
o - (P®\N,
ou x

Equation (3.21) controls the first-order behavior of system (3.20), with the third term on the

o;u+ 0, f(u) = s(u) + €, Kaf(u)) s(w)| + €d,

Jdu

+0(€)?. (3.21)

ou
being the diffusion-like coefficient matrix. Model (3.20) is well-posed only if the matrix is
positive semi-definite for all u. This requirement on the diffusion coefficient matrix is the well-
known sub-characteristic condition (Jin & Xin, 1995)

2
c? - (af (“)> >0, vu. (3.22)

u -

2
right-hand side being an 0(e) dominant dissipation term in the model with (C 2 — (L(u)) )

Condition (3.22) can always be satisfied by choosing sufficiently large values for the elements
in C?, for u varying in a bounded domain. As such, the solution of the relaxation model (3.20)
strongly converges to the unique entropy solution of the original conservation laws. In
practice this can be equivalent to the choice

2 < 2 — . — i .
A% < c¢%, where A {Isl?él/lll and ¢ 1rgilsnzlcll . (3.23)

Now, system (3.20) can be easily diagonalized, leading to the following decoupled
system of equations
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+ Cs(w); (3.24)

d:(w+ Cu) + €Co,(w+ Cu) = f(u)T—w

u)—w
0;(w—Cu) — Co,(w—Cu) = % —Cs(u). (3.25)
The left-hand side of system (3.24)-(3.25) is linear with constant wave speeds. Its solution has
the property that it propagates at finite speeds along linear characteristic curves dx/dt = +C.
From (3.24)-(3.25), and by setting g, , = w % C, the following relations to the original variables
of the relaxation system hold

u= %6_1(91 —gz)andw = %(91 +92). (3.26)

The structure of the linear characteristic field of the relaxation system constitutes a clear
advantage compared to the original conservation laws for their numerical integration.
For the spatial discretization of (3.20) the finite volume approach is adopted. Let x; =

idx, x; 1= (i + %) Ax, where Ax is a uniform spatial discretization step. The discrete cell
-2

average of uinthecell I; = |x._1,x. 1| at timet is defined as u;(t) and the approximate value
l l_E l+E l

of u at (xl. e t) by u, i (t). The semi-discrete relaxation system is given as

d 1
a(ui) + E(WH% - Wl._%> =s(w);,
(3.27)
0 C? 1
7t (w;) + ﬂ(ui% - ui_%> =z (w; — f(w),) .

where s(u); and f(u); are discrete averages of the source term and flux function, respectively.

To completely define the spatial discretization, we need to compute the flux values u, 1 and
-2

w, 1. As system (3.20) has linear characteristics and its characteristic speeds, +¢; and —cy, are
—2

constant, the construction of an upwind scheme is much simpler than developing such a

scheme for the original nonlinear conservation laws. For example, the first-order upwind

scheme (Jin & Xin, 1995; Delis et al., 2014), applied to g, and g, gives g,,,1 = g;;and g5, 1 =
2 2

9241

In order to increase the spatial order of accuracy, a WENO-type interpolant approach
is applied, where the approximate solution is reconstructed by using higher-order
polynomials. By direct application of this reconstruction to the k—th components of the
characteristic variables, g, , = w £ Cu, a non-oscillatory higher-order spatial discretization is
obtained. The superiority of applying higher-order schemes, compared to low-order ones, in
traffic flow simulations has been recently demonstrated by Delis et al., 2014. By applying a
fifth-order WENO reconstruction the discrete values of each component of g, + and g5, 4l at

a cell boundary i + %, are defined as left and right extrapolated values g7, 1 and g}i EREY
2 2
91; + =91, + and gy, + = g;i ik After the reconstructions have been performed to each

component of the characteristic variables, the numerical fluxes foru,_ 1 and w, 1 are computed
2 2

from (3.26). The face values at cell boundary —% are computed in a similar manner.
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The semi-discrete relaxation system (3.27) constitutes a system of autonomous
ordinary differential equations with a stiff relaxation term. A time marching approach based
on implicit-explicit (IMEX) Runge-Kutta (RK) splitting was considered, in order to avoid the
time step restrictions imposed by an explicit solver due to stiffness. As such, the explicit RK
scheme treats the non-stiff stage of the splitting, while a diagonally implicit RK scheme treats
the stiff one. We note that even though an implicit scheme is used, either linear or nonlinear
algebraic equations have to be solved due to the special structure of the relaxation system.
The choice of the time marching step At™ is based only on a usual CFL (Courant-Friedrichs-
Lewy) condition,

At™ A" 1
Ax’ Ax | — 2’

— n) " Z
CFL = max <(n11%x ck) < (3.28)

where the values of the relaxation constants c;’ are re-computed at each time step based on
the Jacobian eigenvalues so as to satisfy the sub-characteristic condition (3.22). A detailed
description of the spatial and temporal discretization schemes, as well as the superiority and
performance of the applied higher-order scheme, with respect to low-order ones, in traffic
flow simulations has been demonstrated by Delis et al., 2014.

3.22 METANET Model

Further in this thesis the single-lane GKT model (see Section 3.2.1) is validated and compared
with the METANET model (Messmer & Papageorgiou, 1990) in terms of the representation of
traffic flow conditions at congested freeway areas. The METANET model is the most
commonly used macroscopic traffic flow model and has been utilized by several research
groups to handle various traffic engineering tasks, such as simulation, optimization,
estimation and optimal freeway traffic control. In what follows, a brief description of the
METANET model is presented.

The METANET model is a discretized and enhanced variant of the Payne (PW) model.
Within METANET, the freeway is divided into homogeneous, consecutively numbered
sections i, with respective lengths L; and number of lanes 4;, as shown in Figure 3.2. Time is
also discretized into uniform intervals of duration T, with a discrete time index k = 0,1,2, ..., K
where K is the time horizon. The state variables for section i are the density p;(k) (in
veh/km/lane) and the mean speed u;(k) (in km/h) at the time instant kT, which are
calculated according to the following equations:

T
pitk +1) = p;(k) + 1 [qi—1(k) — q;(k) + r;(k) — s;(K)], (3-29)
T T
ui(k+1) = u;(k) + Eui(k)[ui—l(k) —u; ()] +=[Ve[p; (k)] — u; (k)]

T
VT [piy1 (k) — pi (k)]
tLi[p; (k) + k]

(3.30)

where, q; is the traffic flow exiting section i and entering section i + 1, r;(k) is the traffic flow
entering the freeway section i from an on-ramp and s; (k) is the traffic flow exiting the freeway
section from an off-ramp, and equals to s;(k) = B;(k)q;(k)/[1 — B;(k)] where B;(k) is the
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splitting ratio. Moreover, T (a time constant), v (an anticipation constant) and x are model
parameters, while function V¢[p;(k)] corresponds to the fundamental diagram, calculated
using the following equation:

Velpi(k)] = Uys i €xp [— l (M> l] ) (3.31)

a; pcr,i

where uy ; is the free flow speed, p,,; is the critical density (for which the flow at section i is
maximized) and a; is a further model parameter for section i. Moreover, the mean speed
calculated by the model is truncated if it is below a minimum value u,,;,. Papageorgiou et al.,
1990, proposed two additional terms for more accurate modelling of merging and lane-drop
phenomena. In particular, the impact on mainstream speed due to an on-ramp merging flow
is calculated by adding the term — 8Tr;(k)v;(k)/L;A; [p;(k) + k] at the right hand side of
equation (3.30) for the merging section, where § is a model parameter. This term is not used
if there is a lane gain downstream of the on-ramp, i.e., if there is a lane dedicated for entering
vehicles. In order to take into account the impact on speed due to intensive lane-changing at
lane-drop areas, the term — @TAAp;(k)v;(k)* /L;A; per i, is added to equation (3.30) for the
section immediately upstream of the lane drop, where ¢ is a model parameter and 44 is the
number of dropped lanes.

Freeway section

L;

qi—1 (k) u;(k), pi (k) q; (k)

//

Ti(k) Si(k)

FIGURE 3.2: Freeway discretization in the METANET model.

At bifurcation locations (e.g. off-ramps), a downstream density p;;(k) is needed in
equation (3.30) for section i entering the bifurcation; this density reflects the upstream
influence of the downstream traffic conditions. However, since we have at least two
downstream sections at bifurcations, the following formula was proposed by Messmer &
Papageorgiou, 1990, for usage

pisr (k) = Z pu? (k) / Z pu(k), (3.32)

Ueo, ueo,

where p; ;1 (k) is the virtual density downstream of section i, which is used in equation (3.30),
and p, (k) is the density of each section downstream of section i, O, being the set of existing
sections. The quadratic average used in (3.32) accounts for the fact that congestion may spill
back to a section i from any one of its downstream sections (e.g., in case of spillback from a
saturated off-ramp), even if the rest downstream sections are not congested. Notice that
equation (3.32) does not include any parameter to be calibrated. Finally, the flow gq; (k) exiting
section i and entering section i + 1 is computed as
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qi(k) = u;(k)p; (k) A;[1 — B; (k)] . (3.33)

3.2.3 The Differential Evolution Algorithm

Among the various search and optimization techniques, the development of EAs has become
increasingly appealing over the last decade, as a flexible and robust tool, capable of addressing
high-dimensional real-world optimization problems that have several local optima. They
constitute a class of search methods with a remarkable balance between exploitation of the
best solutions and exploration of the search space, as well as low sensitivity to local minima
treatment. They combine elements of directed and stochastic search and, therefore, are more
robust than directed search methods. Within the proposed numerical optimization scheme, a
DE Algorithm is utilized. This is a versatile stochastic search method, introduced by Storn &
Price, 1995, 1997, capable of handling non-differentiable, nonlinear and multimodal cost
functions, providing superior convergence performance than other EAs (Storn & Price, 1995,
1997; Price et al., 2005). Contrary to other EAs, the DE compares each new candidate member
(offspring) of the population only against a single existing one (parent), which is its
counterpart in the current population. The new parameter vector (offspring) results after
applying mutation and crossover operators; specifically, this is a linear combination between
a randomly selected member of the current population (chromosome) and a weighted
difference between two other randomly chosen chromosomes.

Below, an analytical description of the basic elements composing a classic DE
algorithm is presented. Given a cost function

feost(X) = feost (%1, X2, ..., %) = min (3.34)

where x denotes the vector containing the n design variables (number of genes) of the problem
under consideration and f ,s (x):R™ - R a real function. The optimization target is the
minimization of the cost function f,,;; by modulating the values of its design variables
(x1,%3, ..., Xp), while each one of the design variables is bounded between an upper x;* and a
lower x| value. DE evolves a fixed size population of N, individuals (chromosomes) for a finite
number of generations G,,,,. The initialization of the first population ¢ = 0 is established by
randomly assigning values to the design variables within their given boundaries

wp=r- (i —xD)+xl i=1.m k=1.,N,
(3.35)

l 0 u
X Sxk,i le- ’

where r denotes a random number generated with uniform probability within the range [0, 1].
After the evaluation of each individual's cost function, operators are applied to the population,
simulating the according natural processes. The first operator applied is the mutation scheme,
which generates a new chromosome (mutant), based on three randomly selected individuals
(chromosomes) of the current generation G. The formation of the new parameter vector is
realized by adding a weighted difference vector between the two members of the triad to the
third one, the so-called "donor". Then, the uniform crossover scheme is applied; the mutant
and the chromosome of the current population (parent) are subjected to a discrete
recombination, which produces the final candidate solution
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G+l _

G G G ; Doy
. {xck,i + F(xAk’i — ka,i) ifr<C. or i=i"Vi=1,..,n
ki

x,gi otherwise,
(3.36)

k=1,..,Nyi=1..,n
Ay €[1,..,N,|,  Brel[l,..,N,], Ci€[l,...N,], Ax#By #Cy
c,ef01], Felo,1+], relo1],

where xgk_i are the elements of the "donor" vector (chromosome), G is the current generation
and i* is a randomly selected integer within [1,n], chosen once for all members of the
population. The random number 7 is seeded for every gene of each chromosome whereas the
parameters F and C, consider the mutation and crossover operations, respectively.
Specifically, the scale factor F controls the diversification rate of the population, while the
crossover probability C, controls the fraction of design values that are inherited from the
mutant. Moreover, the design variable, which corresponds to the randomly selected index, i*,
is taken from the mutant to ensure that the trial vector (offspring) does not duplicate the initial
one (parent). Scaling vector differences ensures that trial vectors do not duplicate existing
members in the population. Additionally, scaling can shift the focus of the search between
local and global.

Subsequently, each member of the resulting intermediate population (offspring) is
evaluated and competes against its counterpart in the current population (parent); the best-
fitted individuals are the ones that will form the next generation. The DE selection scheme
ensures the survival of the elitists and can be described as follows:

o = {0 ) S )
o

3.37
x§ otherwise. (3:37)

The process is successively repeated, providing populations with better-fitted
individuals.

The DE selection scheme has a substantial difference compared to other EAs, owing to
the fact that the offspring is not compared against all the members of the current population,
but only against its parent, replacing it if it's better-fitted. This important characteristic allows
for a relatively easy implementation of an asynchronous parallelization procedure, as it will
be described in a following section. If each population member is assigned to a different
processor (or core), this processor can proceed to the evaluation of a new individual, after
completing the evaluation of its parent. Communication between the different processors is
mainly required in order to perform the mutation operation. This does not necessitate the
existence of a generation in the strict sense; a population comprising chromosomes belonging
to different generations may be used instead. Additional communication with the master
node is needed in the case of utilizing surrogate models, which are re-trained in each
generation (which is the case in our implementation).

3.3 Macroscopic Traffic Flow Model Calibration

Macroscopic traffic simulation models are essential tools in modelling transport systems; one
of the challenges faced by such a model is to respond to prevailing local conditions with the
highest possible level of accuracy. In fact, the process of model calibration is a prerequisite for

32



Macroscopic Traffic Flow Model Calibration

any macroscopic model so as to ensure its credibility and reliability in performing real-world
simulations, capturing realistic distribution of all possible traffic conditions of a freeway
network and producing valid results. To do so, an optimization problem should be solved in
order to mine the optimal design parameters of the model, which minimize the relative error
between the model prediction and the observed data. However, such a calibration process is
a challenging problem, since the equations of both the GKT and the METANET models (see
Section 3.2.1 and 3.2.2) are highly nonlinear.

3.3.1 The Combined Use of Surrogate Models

In each DE generation, each trial vector (offspring) must first be evaluated (by computing its
cost function using simulation software) and then compared with its parent, so as to select the
better-fitted between them to pass on to the next generation. The computation of the
offspring’s cost function is (in most real-world applications) a time-consuming operation. The
concept of utilizing surrogate models in this evaluation procedure is to replace the costly exact
evaluations with fast inexact approximations, without sacrificing the robustness of the DE
algorithm. These surrogate models are established using a data-driven approach, where only
the input and output behavior of the simulation model of the cost function is taken into
account, as to create a mechanism that mimics that behavior. Two types of Artificial Neural
Networks (ANNSs) are used as surrogate models; a Multi-Layer Perceptron (MLP) and a
Radial Basis Function (RBF) ANN, respectively. A detailed description of their
implementation within the DE optimizer can be found in (Nikolos, 2004, 2011, 2013), along
with related references to available types of surrogate models and their combination with EAs.
Each offspring is pre-evaluated, using the available surrogate models, in a fast screening
procedure. If an offspring is pre-evaluated and found lower-fitted than its parent, then no
further exact evaluation is taking place, and the current vector (parent) is transferred to the
next generation, while the offspring is abandoned. In the opposite case, where the offspring
is pre-evaluated as better-fitted than its parent, an exact (and costly) re-evaluation is
performed after the pre-evaluation, along with a second comparison between the two vectors.
If the offspring is found again better-fitted than its parent, then the offspring passes on to the
next generation. Otherwise, its parent will pass on to the next generation and the offspring
will be abandoned.

An additional small percentage (5% — 10%) of the candidate solutions are selected
with uniform probability to be exactly evaluated, without taking into account their pre-
evaluation by the utilized surrogate models, to further enhance the robustness of the
procedure. Moreover, in the first two generations of the DE, all trial vectors are exactly
evaluated (without using the surrogate models), so as to initialize the central database (pool)
required for the training of the surrogate models. As it was previously described, only exactly-
evaluated candidate solutions have the opportunity to pass on to the new generation.
Consequently, in each generation the current population always comprises individuals that
have been selected using exact evaluation. Therefore, one part of the comparison (the parent)
in the pre-evaluation phase is always an exactly-evaluated vector, and this enhances the
robustness of the procedure. It should be emphasized that the surrogate model predictions
replace exact and costly evaluations only for the less-promising individuals. The pre-
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evaluation phase is used to quickly reject them without spending valuable computational
resources to exactly-evaluate them.

Each evaluated chromosome, along with its resulted fitness function value, is stored
in the central database. The training and testing data sets are selected in each generation from
the corresponding database, to be used by all available surrogate models. If NR is the length
of the training set and NT is the length of the testing set (defined by the user in the beginning
of the optimization procedure), the NR + NT best members of the central database are
deterministically selected. From this set, NR members are randomly selected (with uniform
probability) to be utilized as the training set, while the rest NT are being used for testing. In
this way the surrogate models, which are re-trained and re-tested in each generation, evolve
with the population and use only the currently most-promising individuals for approximating
the cost function.

The utilized surrogate models can be used either independently or as an ensemble. In
the first case, a single surrogate is used throughout the whole optimization procedure. In the
second case all surrogates are re-trained and re-tested in each generation (using the same
training and testing data sets for all surrogates). Then, only the best one is used in the pre-
evaluation phase of the trial vectors. The selected surrogate (different in each generation) is
the one with the lower value of the testing error. The second procedure is usually preferred,
since it is not known a-priori which surrogate is the best for a new cost function and for each
region of the cost function, thus this automated procedure decides for the surrogate to be used
in each generation. The re-training of all the available surrogates in each generation adds
negligible cost, compared to the cost of the evaluations (Nikolos, 2004, 2011, 2013; Strofylas &
Nikolos, 2015).

3.3.2 Parallel Implementation

Despite the important contribution of EAs in solving complicated problems, they tend to be
excessively time-consuming, since they require a considerable number of evaluations. Thus,
appropriate acceleration through parallel processing appears to be mandatory; this is
supported by the fact that EAs are inherently parallel algorithms, as they deal with a
population of different candidate solutions in each generation. The concept behind the
developed parallelization strategy is to enable the cooperation of the DE with different
simulation software in the form of executables. The required data transfer between the DE
and the simulation software is succeeded with appropriate text files. The communication
among the processors and the parallel implementation is achieved using MPI library
functions. The proposed strategy appears to be quite efficient, regardless of the use of text
tiles, considering that the computational time of data transfer is negligible compared to that
of the evaluation step. Two different parallel implementations have been developed, a
synchronous and an asynchronous one; their common characteristics will be described next,
along with their differences.

For both parallel implementations, the population members are distributed a priori
among the available processors; each processor is in charge of the evaluation of one
individual. Next, a unique rank is assigned to each processor, while one of them is identified
as the master node that keeps track of the whole procedure. This master node performs all the
pre-process that is required prior to the beginning of the optimization procedure. This
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includes the creation of a working folder for each processor where the executables comprising
the evaluation step and their corresponding text files are replicated. Furthermore, the master
node distributes all the necessary information concerning the DE algorithm to all other
processors, i.e., the number of the design variables, their upper and lower bounds and control
parameters for the DE algorithm. Actually, the parallel implementation is a hybrid
master/slave one. There exists a master node, which performs the pre-process, as well as the
auxiliary evaluations of the surrogate models. However, exchange of information, concerning
the modification of the population, is allowed between the various processors through
broadcasting (and not exclusively through the master node), as this is more computationally
efficient. This hybrid master/slave model is tailor-made for a multi-core server application.

In the synchronous implementation (Figure 3.3), each generation is strictly defined and
comprises a population of candidate solutions, which undergo the various DE operations
simultaneously (in parallel). All the current members of the population belong to the same
generation. In order to pass on to the next generation, all the individuals of the previous
generation (parents) are first evaluated and then compared with their offspring individuals
(using pre-evaluation with surrogates and then exact evaluation). More specifically, after the
completion of the initialization step, the main procedure begins. Each processor is generating
a random individual within the specified bounds for each gene of the chromosome and
evaluates it. Next, the fitness values of the candidate solutions and their corresponding
chromosomes are broadcasted to all processors, in order to update their databases with the
new population members. Each processor evolves one chromosome separately, and the new
resulting one (offspring) is stored in its corresponding working folder.

All the operations needed (mutation, crossover and selection) for the evolution
process, are implemented after the evaluation step of each generation, on each node separately
for its assigned chromosome. Nevertheless, the auxiliary evaluations of the surrogate models
are performed only by the master node for all chromosomes. According to the prescribed
approximate pre-evaluation procedure, a Boolean array is filled, indicating whether the new
trial vector (offspring) is better-fitted than its parent and should hence be exactly evaluated.
Subsequently, the selected candidates (only a part of the offspring auxiliary population) are
exactly evaluated. For the rest their fitness function values and trial vectors are explicitly
broadcasted by the master node to their corresponding processors for the consistency of the
procedure. The optimization process is terminated when a prescribed number of generations
is reached.

The prescribed algorithm implements a synchronous strategy of survivor selection to
update the population members. During each generation loop, the evolutionary operations
are imposed on each selected member of the population to produce an auxiliary population
of (offspring) trial vectors. Once the calculations with the current population members finish
at the end of each generation, the original population is updated instantaneously. This implies
an implicit synchronization mechanism, ensuring that evolution operators are performed on
all population members of the current generation. The utilized synchronization barrier causes
processes to stop at the end of each offspring evaluation, waiting for all the remaining
members of the auxiliary population to finish their own evaluations. This barrier results in a
time overhead, if the evaluation processes have different time durations between the
processors, thus allowing the slowest evaluation process to determine the speed of the
computational procedure.
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FIGURE 3.3: Flowchart of the synchronous implementation of the parallel Differential Evolution
algorithm.

On the contrary, in an asynchronous implementation the generation is not strictly
defined and the current population (at each time instant) can comprise individuals belonging
to different generations. More specifically, each newly generated trial vector (offspring) can
replace its parent (if better-fitted) and become a member of the current population, just after
the completion of its evaluation process, without waiting for the completion of the evaluation
phases of the rest members of the auxiliary population (Figure 3.4). Thus, individuals evolve
independently, without strict central control or full coordination between generations.
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FIGURE 3.4: Flowchart of the asynchronous implementation of the parallel Differential Evolution
algorithm.

Consequently, asynchronous update has the clear advantage that the improved
solutions can contribute to the evolution immediately, without time-lags, and can speed up
the convergence to become faster than the synchronous update. As the cycle over all the
population members is removed, the concept of generations is obsolete in the asynchronous
DE.

The choice of a triplet of randomly selected individuals for each population member,
used in the mutation DE operator (equation (3.36)), is an issue which emerges as soon as we
switch from a synchronous to an asynchronous update population mode. As the generation
concept is no longer applicable, the random selection of three members of the current
population (at the corresponding time instant) means that those individuals may not belong
to the same generation. However, this has been proven to introduce no convergence problems
to the asynchronous DE version. On the contrary, as the various individuals evolve
independently to each other, with a faster convergence rate, the randomly chosen triplet is
likely to have better characteristics, compared to the synchronous case.

The proposed asynchronous implementation of the DE algorithm uses non-blocking
MPI communication operations. An asynchronous master-slave architecture has been
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followed, i.e., the master process steers the evolution procedure, trains and tests the surrogate
models, and collects/distributes data from all other processes. This is achieved by using
Remote Memory Access (RMA) windows. To allow for remote memory access, the master
node exposes contiguous regions of memory to the rest of the processes, which are called
windows. MPI accomplishes this by a collective function called “MPI_Win_create”. A process
can get and set data to remote memory via “MPI_Get” and “MPI_Put”. As MPI forbids
concurrent access to the same memory location in the window, it is necessary to have a
mechanism which ensures that access operations are completed before using the data. Thus,
updates to the RMA windows by other processes are protected by the master node, using
exclusive locks in case of a conflict. Non-conflicting accesses (such as read-only accesses or
accumulate accesses) are protected by shared locks, both for local accesses and for RMA
accesses.

Each slave node works independently, updating periodically only the fitness function
value and its corresponding chromosome to the RMA windows. Each one of the slave nodes
executes the same process in an infinite loop, checking first the receiving buffer to see if the
termination message from the master node has arrived. Subsequently, it acquires all the
updated data, essential for the calculations performed during a DE iteration. These include
the fitness values of the candidate solutions and their corresponding chromosomes, as well as
the parameters of the surrogate models through the RMA windows, in order to perform the
evolution operators.

Due to the non-blocking communication, the processes never wait for one another.
That is, they run completely asynchronously, and the slowest process does not slow down the
others. This characteristic is essential, especially when using surrogate models, since the pre-
evaluation of the trial vector is performed very fast. This means that, if the trial vector
(offspring) is lower-fitted than the corresponding vector of the current population (parent),
the processor won't have to wait for all other processors to finish the computations. Instead,
it can proceed to the production of the next trial vector and its evaluation.

As it has been previously stated, in the asynchronous version of the parallel DE
algorithm the concept of generation is no longer present. However, a definition for a
“generation” number is needed for defining a frequency for the re-training and re-testing of
the surrogate models, for interpreting the convergence history of the optimization run, and
for comparison purposes. Thus, the generation number for the asynchronous parallel DE is
defined as follows: the master node, which controls the DE procedure, is enforced to always
exactly evaluate its corresponding chromosome. Therefore, the change between successive
individuals for the master node defines a generation for this node, which is also used to define
a “generation” for the whole population. This definition is rather connected to computation
time intervals, than to a real generation concept. The exact evaluation time for each individual
is roughly the same for all processes in a system comprising identical processors or cores (as
the one used in this work). Therefore, the utilized definition of “generation” in the
asynchronous DE case renders the comparisons between synchronous and asynchronous
runs, with respect to the generation number, valid.

3.3.3 Fitness Function Formulation

As already mentioned, this thesis addresses the problem of calibrating the parameters of the
second-order GKT and METANET models to best match the real-measured traffic data, by
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means of the optimization scheme for the calibration and validation of macroscopic traffic
flow models. In particular, this methodology attempts to minimize the discrepancy between
model generated data and the measurements taken from the detectors (real data), in terms of
a fitness function with appropriate specification of the parameters included in the model.
Within the literature there are many discrepancies error measures (goodness-of-fit
measures) that can be used to evaluate the overall performance of simulation models by
showing the differences between real and simulated data; some of the most common ones,
along with their expressions, are presented below (Hollander & Liu, 2008; Ciuffo et al., 2012).

e Squared Error (SE)

N
SECAY) = ) (i = o) (338)
i=1
e  Mean Error (ME)
L N
ME(x,y) = NZ(XL' - i) (3.39)
i=1

e Mean Normalized Error (MNE)
N
1 v
MNE(x,y) = —2 ) (3.40)
N&o oy
i=1
e Mean Absolute Error (MAE)

N
1
MAE(xy) =+ ) | = i (341)
i=1

o Mean Absolute Normalized Error (MANE)

N
1 Ly
MANE (x,y) = —Z 1 = il (3.42)
N&y
i=1
e Root Mean Square Error (RMSE)
1 N
RMSE(x,y) = |5} (x; = y)? (3.43)
i=1
e Root Mean Square Normalized Error (RMSNE)
180 /x; — yi\2
RMSE(x, y) = —Z (‘—y‘) (3.44)
N o

where x; and y; represent, respectively, the averages of simulated predictions and the real
measurements used in the calibration problem at space-time point i, while N is the total
amount of all available data. The measures ME, MNE, MAE, MANE use the difference or the
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absolute value of the difference between the real and simulated measurements, providing in
this way equal weights to all errors. On the other hand, the measures that depend on squared
difference (SE, RMSE and RMSNE) place a higher penalty on large errors, which are more
appropriate, given that penalizing small errors is wrong for traffic modelling and may lead to
an over-specified model, considering that minor fluctuations over the means are in the nature
of traffic phenomena (Hollander & Liu, 2008).

Another measure that is widely accepted is the Geoffrey E. Havers’ (GEH) statistic
(Highway Agency, 1996), which is not evaluated over a series of traffic data, but over a single
pair of real and predicted measurements. Hence, the index for each counting station is
calculated as:

Z(Xi - yi)z (345)

GEH;(x,y) = .
L L

Subsequently, an aggregated index is estimated by means of the following algorithm:

Fori = N (number of counting stations)
IfGEH;(x,y) <5, then set GEH;(x,y) = 1
Otherwise set GEH;(x,y) = 0
Endif;
End for;
uwm@ﬁ:%ﬁmm@@
If GEH(x,y) = 85% then accept the model

Otherwise reject the model
Endif;

which can be interpreted as follows: if the deviation of the simulated values with respect to
the observed measurements is smaller than 5% in at least 85% of the pairs (cases), then the
two series of data show a good fit and the model is accepted.

Theil’s inequality coefficient (Theil, 1961) is another normalized measure used to
provide information on the relative error between real and simulated traffic measurements,
smoothing out the impact of large errors. This measure is given by

L ROt
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in which U is bounded between 0 and 1 (0 < U < 1). U = 0 indicates a perfect fit between the
real and simulated data, while U = 1 implies the worst possible fit.

Theil’s indicator can be decomposed into three proportions: the bias (UM), the variance
(U%) and the covariance (U¢) proportion, which are, respectively, defined as:
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where X and ¥ are the means of real and simulated values, respectively, g, and g, are their

C:

(3.49)

standard deviations and r is the correlation coefficient. They satisfy the following relationship:
UM + US + U® = 1. The proportion UM is a measure of systematic error; UM = 0 indicates a
perfect fit, while high values close to 1 indicates an unacceptable bias. The variance
proportion, U S measures how the distribution of simulated measurements diverge from that
of the real traffic data; US = 0 indicates a perfect fit while U S = 1 indicates the worst fit, since
the simulated series has a significantly different variability. Finally, the proportion U¢
measures the existence of unsystematic error and, consequently, it should take high values
close to 1 for a good fit.

Detailed discussion over the choice of the various cost functions for the calibration
problems of traffic flow models can be found in the studies proposed by Hollander & Liu,
2008, and Ciuffo et al., 2012. Nevertheless, it is straightforward to apply the metamodel-
assisted DE algorithm presented in Sections 3.2.3 and 3.3.1 for any of the above formulations
of the cost functions in order to calibrate the selected macroscopic traffic flow models. In this
thesis, however, we limit ourselves to the following cost functions (equations (3.50), (3.51) and
(3.52)) and leave the test for other forms for a future research.

Specifically, the developed GKT model (Section 3.2.1) is fed with real traffic data to
reproduce the complete traffic state of different scenarios, while for evaluating the resulting
models” accuracy, three different cost functions have been tested, formulated in terms of
discrete combinations of the speed, flow, and density values of real and simulated virtual
detectors, within the simulated area. In particular, a combined total mean square normalized
errors of the model estimated and real measured speed and flow is used first, specifically

1o v ur)’ ik
f(x)=EZ;[(1—u)<1—E> (1—q—> ] (3.50)

i,k

where p is a weighting factor equal to 0.5. Alternatively, by substituting flow with density in
equation above, the cost function is reformulated as
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Moreover, by following the root mean square speed and density normalized errors the
cost function is given as
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where, u; ., p; ., and q; ; represent, respectively, the predicted mean speed, density and flow,
computed at detector location k (K is the number of detectors that are available for calibration)
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and time instant i (n is the simulation time horizon) and C = nK; ugk, pfk and qfk represent,
respectively, the observed mean speed, density and flow computed at location k and time
instant i, while ug, and pg, denote the corresponding maximum values of the observed mean
speed and density.
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The calibration procedure commences with an initial random population of candidate
solutions (chromosomes); every chromosome (calibrated model parameter vectors x) is
randomly initialized, within their predefined upper and lower bounds. A numerical
simulation for the traffic flow situation is then carried out for each candidate chromosome,
which is used along with the boundary input data, to produce a space-time distribution of
flow and speed. Then, at each generation the cost function of each candidate chromosome is
evaluated according to the pre-specified cost function, i.e. the discrepancy between the real-
world traffic data and the simulated data; note that it is this step that suffers from significant
computational resources, and calls for the use of surrogate models in order to decrease the
computational effort of the optimization process. The assistance of these models lies in time-
savings, due to avoiding the computationally intensive exact evaluations of each one of the
candidate solutions, but using a trained neural network instead (Nikolos, 2013), as it was
previously described. Subsequently, for each generation, the elitist reproduction scheme of
the DE algorithm is implemented so as to evolve the newly generated population based on
the mutation, crossover, and selection operators, aiming to the best parameter candidate
vector, according to the proposed cost function. The whole procedure is terminated when a
pre-described number of generations has been reached. The overall optimization scheme for
the calibration of the considered macroscopic traffic flow models is described as a flow chart
in Figure 3.5.

The following chapter contains the calibration and validation results of the single- and
multi-lane GKT macroscopic traffic flow models, by employing the above optimization
procedure. The same optimization procedure was also implemented for the calibration of the
METANET macroscopic traffic flow model, followed by comparative results with the GKT
one.
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FIGURE 3.5: Flowchart with the major steps of the optimization process.
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Chapter 4: Calibration and Validation
Results

4.1 Introduction

The calibration process constitutes a crucial step for the successful development and
application of any macroscopic traffic flow model in transportation planning and real traffic
management. Indeed, the reliability and credibility of a model to reproduce different traffic
flow conditions inside a freeway network with the best possible accuracy is of major
importance. However, the estimation of proper parameter values used in the selected models
(see Section 3.2) is a challenging task, because of the highly non-linear nature of the models
equations in both its parameters and state variables. Furthermore, after the calibration
procedure, the traffic flow models must be validated before their potential use. The validation
procedure aims to ensure that the resulting traffic flow models reliably reflect the prevailing
traffic flow characteristics of the investigated networks, thus they may sufficiently reproduce
their typical traffic conditions.

This section continues with the evaluation of the proposed methodology against test
cases using real traffic data from different motorway networks, considering the congestion
created close to on/off-ramps during the morning peak periods. Section 4.2 presents the
considered freeway stretches and the utilized real traffic data, Section 4.3 describes the
calibration settings for both GKT and METANET models for the optimization procedure,
while Section 4.4 displays the calibration and validation results for 4 different scenarios.
Finally, Section 4.5 summarizes the results and conclusions of the calibration procedure.

4.2 Tests Networks and Real Traffic Data

The second-order macroscopic GKT traffic flow model described in Section 3.2.1 is applied to
two different motorway networks in order to calibrate its parameters and validate its
equations under recurrent traffic flow conditions. Moreover, a comparative study of the GKT
and the METANET models (Section 3.2.2) for the considered motorway network in UK.,
based on the previous described calibration methodology (see Section 3.2.3), is also presented.

421 The Motorway Network in U.K. and the Real Traffic Data

The first considered network is a stretch of the M56 motorway located in the areas of
Cheshire and Greater Manchester, U.K. (with direction from Chester to Manchester), as
shown in Figure 4.1. Specifically, the chosen network, sketched in Figure 4.2, is 9.45 km long
and is composed by three lanes, including one off-ramp and a two-lane on-ramp, which,
before merging into the mainstream, splits into two separate lanes.
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FIGURE 4.1: U.K. freeway stretch.

Real-time traffic data, provided by MIDAS database’, is collected through 6 detector-
stations (D-locations in Figure 4.2) that deliver measurements of flow and speed per lane with
a time resolution of 60 s. Detectors are also installed on the ramps, measuring the
corresponding incoming and outgoing traffic flows. Measured data corresponding to the
stretch’s boundaries were also available, and used as boundary conditions in the numerical
model.
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— =l
0.25 km 275 km 5.25 km 5.85 km 7.70 km 9.20 km

FIGURE 4.2: A graphical representation of the U.K. freeway stretch considered.

The quantitative real-time traffic data analysis regarding the considered test network
showed that a major recurrent congestion is formed, originated from high on-ramp flows
during a typical morning’s rush hour (see Figure 4.3). Hence, it was decided to use the data
of June 3rd 2014 for model calibration, taking into account the morning peak hours,
specifically from 6:30 a.m. to 9: 00 a.m.. Morning peak data of June 24th 2014 were reserved
for model validation. In particular, based on the contour plots shown in Figure 4.4, for visual
inspection of the space-time evolution of the real speed measurements for the 3rd and 24th of
June 2014, it can be observed that traffic congestion is formed upstream of the second on-
ramp between 7:00-8: 00 a.m. for both days; this strong congestion pattern spills back onto
the freeway mainstream, producing an intensive high density area of several kilometers. It is
worth noting that the dominant criterion for selecting these two days was that, during the
morning hours 6:30 a.m. to 9:00 a.m. no incident and no sensor failure occurred at the
examined test network, which could not be reproduced by the utilized or any other traffic
flow models.

! Highways Agency, 2007. Motorway Incident Detection and Automatic Signaling (MIDAS) Design Standard. (No.
st ed.). Bristol, UK.
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FIGURE 4.3: Measured on-ramp flows of the U.K. freeway stretch for 3/6/2014.
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FIGURE 4.4: Phase space speed dynamics at the U.K. freeway stretch for two different days.

4.2.2 The Motorway Network in Greece and the Real Traffic Data

The second freeway stretch considered in this thesis is a part of Attiki Odos motorway in
Athens, Greece. Specifically, it is an urban motorway characterized by a traffic pattern that is
strongly dependent on the demand due to the commuters using the specific network. In
Figure 4.5, an aerial map of the area is shown; the highlighted road is the considered stretch
of Attiki Odos freeway, where the direction from the Airport to Elefsina will be considered

(from East to West).
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FIGURE 4.5: Attiki odos freeway stretch.
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Specifically, the chosen network, as shown in Figure 4.6, is 6.2 km long (from 34th to
27.8th km) and is composed by three lanes, which widens to four lanes from 30.8th to 30.3rd
km, including three on-ramps and three off-ramps, depicted by arrows in Figure 4.6. The
locations of the available detector stations (13 in total) are also illustrated in Figure 4.6.

E-11-1 E-12-2 B-13-E E-13-2 E-12-1 E-13-1
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l
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FIGURE 4.6: A graphical representation of the considered Attiki Odos freeway stretch.

The real traffic data were provided by the company ATTIKES DIADROMES S.A.,
which is responsible for the operation and maintenance of the motorway, as well as for traffic
management and customer service. In particular, data were collected at the 13 detector-
stations (Figure 4.6) that delivered measurements of flow and speed per lane with a time
resolution of 20 s, for the time period May-June 2009. Detectors were also installed on the
ramps, measuring the corresponding ingoing and outgoing traffic flows. Measured data
corresponding to the stretch’s boundaries were also available, and were used as boundary
conditions in the numerical model.

A qualitative of real-time data analysis shows that, within this examined freeway
stretch, a recurrent congestion is formed, originated from high exit flow off-ramp during a
typical morning’s rush hour. Hence, it was decided to take into account the morning rush
hour, specifically from 6:00 a.m. to 12: 00 p.m., and to use morning peak data of June 16th
2009 for model calibration, while corresponding data of June 23rd 2009 are reserved for
model validation; in both days no incident and no sensor failure was reported at the test
network. At this point, it is important to highlight that although recurrent congestion
originated from an off-ramp area is a quite frequent case of traffic flow degradation, appearing
mainly at freeways during the peak periods, it is not a trivial task to deal with, since it is
difficult to control the freeway exit flow.

Based on the contour plots shown in Figure 4.7, the congestion creation area is formed
upstream of the off-ramp E-11-1 during 8:00 — 10: 00 a.m. for both days. In particular, this
major congestion originates at the 29th km and spills back onto the considered network,
producing an intensive high density area up to the 33nd km. The main reason behind this
major congestion created in the specific diverging area is a combination of the increased exit
flow that the off-ramp E-11-1 receives and its limited capacity, along with an increase to the
entering flow from upstream The traffic congestion lasts for a couple of hours, until it is
dissolved thanks to the demand reduction at the end of the peak period. It is emphasized that
on the selected two days there are no incidents nor sensor failures during the morning hours
at the considered network.
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FIGURE 4.7: Phase space speed dynamics at Attiki Odos freeway stretch for two different days.

4.3 Calibration Settings

The main aim in this chapter is to assess the continuous second-order GKT model by
implementing the automated calibration procedure, as presented in Section 3.2.3, in order to
represent the traffic conditions of the specific freeway stretches (see Section 4.2) with the
highest possible level of accuracy. Subsequently, the same optimization scheme is applied to
the widely used discrete second-order METANET model as to compare these two selected
traffic flow models. Hence, the optimization problem must be solved to mine the optimal
design parameters of the models, which minimize the relative error between the model
prediction and the observed data.

Herein, the parameter vector for the calibration of the single-lane GKT model consists
of the maximum desired velocity w4, the maximum density p,,qy, the critical density p,,
the desired time gap T, the anticipation factor y, the relaxation time 7, the variance pre-factor
for free traffic 4,, the pre-factor §A and the transition width §p. Thus, the parameter vector x
for the GKT model is X = [Wnax) Pmaxs Per T, Y, T, Ao, 64, 8p]. In the case of the automated
calibration process for the multi-lane GKT model, the parameter vector to be calibrated
consists of the following additional parameters: the frequency factor for lane changing, v¢, the
critical density for lane changing probability, pp, the percentage of reducing speed at
exiting/entering, (Uyn,/u;), and the spontaneous lane-changing parameter, k% . Specifically,
for the examined three-lane freeway stretch in the U.K. (see Section 4.2.1) the parameter vector
x takes the form x= [umax,lr Pmax,l> pcr,erl: Yu T Ao,l; 6Al! 5,01; (urmp/ul)!vfﬁ ,Dp,k{“,
k%, k%, k%], 1= 1,23, (ending up to 34 parameters/design variables in total).

Regarding the METANET model, the parameter vector x consists of the free flow
speed uy, the critical density p., and the parameters a, 7, v and §, which are common for all
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the freeway sections. Moreover, the model includes two extra parameters, which are known
from previous validation exercises to be of minor importance and are, therefore, given
constant values, in order to reduce the dimension of the parameter vector. In particular, k is
set equal to 10 veh/km/lane and uy is set to 7 km/h. Thus, one single fundamental diagram
is considered for all freeway sections in this model. Considering the above, the parameter
vector for the METANET model is x = [z, v, §, uz, p.r, al.

Hence, for both traffic flow models the vector x includes the unknown models
parameters that need to be defined for each model so as to minimize the discrepancy between
the simulated and real traffic data by using an appropriate cost function, hereafter denoted
by f(x). The parameter estimation problem consists of finding the optimal vector of x subject
to equations (3.1) and (3.2) in case of the GKT model or to model (3.8) in case of the multi-lane
GKT model, and to equations (3.29) and (3.30) in case of the METANET model for all x € Q,
where Q defines a bounded admissible parameter space, determined on the basis of physical
constraints. However, such a parameter estimation (model calibration) problem is particularly
challenging, since it is formulated as a global optimization of a continuous multi-extrema cost
function, see, e.g., Ngoduy & Maher, 2012, with numerous local minima, which traditional
gradient-based optimization algorithms typically fail to avoid. To this end, we apply the
parallel, metamodel-assisted Differential Evolution algorithm, as presented in Section 3.2.3,
for optimizing the aforementioned complex continuous problem with multiple local minima
(Nikolos, 2013; Strofylas & Nikolos, 2015).

The runs of the DE algorithm for the calibration of the GKT model have been
performed on a DELL™ R815 PowerEdge™ server with four AMD Opteron™ 6380 sixteen-
core processors at 2.50 GHz (64 cores in total), while the traffic simulations were performed
using a desktop computer with 2.4 GHz CPU and 2.0 GB of RAM. The calibration procedure,
including the traffic flow models and the optimization algorithm, has been programmed in
FORTRAN.

4.4 Calibration and Validation Results for Different Test Cases

4.4.1 Calibration and Validation of the single-lane GKT Model Using the
Parallel, Synchronous, Metamodel-Assisted DE Algorithm with Different
Fitness Functions (U.K. network)

As mentioned before, the optimization problem addressed in this thesis consists of
minimizing the deviation between the GKT model calculations and the real-measured traffic
data. Hence, the first test case considers the employment of the parallel, synchronous,
metamodel-assisted DE algorithm (see Section 3.2.3) for the calibration of the model using real
traffic data from the motorway network in the U.K. (see Section 4.2.1); in this test case, a single-
lane with the mean values of the flow quantities of the three-lane stretch is considered. More
specifically, the numerically discretized GKT model was first calibrated to specify the optimal
parameter values for the considered network, using the measured data for a specific day.
Eventually, the GKT model was validated using data collected at the same freeway on a
different day, to ensure that the model is able to reliably reproduce the traffic conditions of
the examined site.
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Initially, in order to evaluate the resulting model accuracy, the three different cost
functions (equations (3.50), (3.51) and (3.52)), presented in Section 3.3.3, are tested. Briefly, a
combined total mean square normalized error of the model estimated and real measured
speed and flow was used first:

K n 2 2
_1 E 2 Uik Qik
f(x) = Ek:1 £ [(1 - .u) <1 - ug}() +u (1 - qgk> ] . (41)

Next, by substituting flow with density in the equation above, the cost function is
reformulated as

K n 2 2
1 Uik Pik
f(x)_E;;[(l_“)<l_@> +u(1—E)]- (42)

Finally, by utilizing the root mean square speed and density normalized errors, the third cost
function that is tested is given as

1o uly — uik e P — Pik ’
o= b2 () fuatE) o

k=1i=1 k=1i=1

4.41.1 Calibration Results

The calibration results were obtained using real traffic data from the 3rd of June, 2014 (see
Section 4.2.1). The model parameters with their corresponding feasible bounds, conforming
with those given in Treiber et al., 1999, Helbing et al., 2001, Treiber & Kesting, 2013, and Delis
et al., 2014, are presented in Table 4.1. The DE algorithm was employed with a population size
equal to 50, whereas the maximum number of generations was set equal to 1100; the control
parameters for the mutation and crossover operations were F = 0.6 and C, = 0.45.

TABLE 4.1: Admissible range of the parameter vector used for the GKT model calibration (U.K.
network — as single lane).

Model parameters Units Bounds
Desired free speed, Uy, 4y, km/h [105, 135]
Maximum density, ppqx veh/km [100, 200]
Critical density, p., veh/km [30, 60]
Desired time gap, T s [0.5, 2.5]
Anticipation factor, y [1, 2]
Relaxation time, T s [10, 40]
Variance pre-factor for free traffic, 4y [0.0025, 0.015]
Pre-factor, 54 [0.01, 0.03]
Transition width, §p veh/km [3.5, 20]
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TABLE 4.2: Cost function values and the resulted optimal parameter values for the calibration phase
(U.K. network - as single lane).

Model Umax Pmax Po T V T Ay SA 6[) Cost
Function
Parameters (km/h)  (veh/km) (s) (s) (veh/km) Value (%)
Cost Function (4.1) 115 170 42 2 2 20 0.00250.015 10 1.16
Cost Function (4.2) 120 150 40 2.3 2 24 0.00250.019 11 1.45
Cost Function (4.3) 115 140 45 2.4 2 22 0.00250.027 12 0.2
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FIGURE 4.8: (U.K. network - as single lane) Phase space speed dynamics for real measured speed (a)
and the model predictions for the calibration date using: (b) cost function (4.1), (c) cost function (4.2),
(d) cost function(4.3).
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The considered 9.45 km stretch was simulated for 3 morning peak hours (i.e. from
6:00 a.m. to 9:00 a.m.), whereas the space discretization was Ax = 100 m. The numerical
scheme is stable under the usual CFL stability condition for explicit discretization schemes
thus the CFL value was set equal to 0.5. The clock computational time for 1100 generations
was 146.5 min. Table 4.2 contains the minimum value of the three alternative cost functions
(which were obtained in three respective optimization runs for the same calibration problem),
along with the resulted optimal parameters. Very good agreement with the measured data set
and very similar optimal parameter vectors have been obtained with all three cost functions.

Figure 4.8 displays the space-time evolution of the speed reproduced by simulation
compared to the observation for the calibration day, for the three alternative cost functions
Figure 4.9 contains the DE convergence history of the best value of the three different cost
functions in each generation. Finally, Figures 4.10-4.12 display the speed dynamics for all
detector locations, produced using the optimal parameter values of the calibration procedure
with the three different cost functions. It is clear that for all the examined cost functions the
real traffic conditions are well reproduced by the calibrated model, capturing with sufficient
accuracy when and where the traffic flow becomes congested, for the correct duration and
extent, as observed in the real traffic data, regardless of which function was used.

2.6E-02
Equation (4.1)
2.1E-02 ——Equation (4.2)
Equation (4.3)
», 1.6E-02
c
§=)
3]
§ 1.1E-02
2
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1.0E-03 |

0 200 400 600 800 1000
Generations

FIGURE 4.9: (U.K. network - as single lane) The convergence history of the best solution of each
generation of the DE algorithm as a function of the generation number for the three cost functions.
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and the model prediction of speed (red) using cost function (4.1) at various detector locations for the
calibration day.
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and the model prediction of speed (red) using cost function (4.2) at various detector locations for the
calibration day.
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FIGURE 4.12: (U.K. network - as single lane) Time-series of the real speed measurements (black)
and the model prediction of speed (red) using cost function (4.3) at various detector locations for the
calibration day.

4.4.1.2 Validation Results

To test and assess the robustness of the GKT model the resulting, from the previous calibration
procedure (Section 4.4.1.1), optimal parameters of the three proposed cost functions were
applied to the same motorway stretch, but for a different day, the 24th of June, 2014. For the
validation day, the recurrent congestion in the traffic flow behavior is similar to the one of the
calibration day. The cost function values obtained for this validation procedure were 1.64%
for equation (4.1), 4% for equation (4.2) and 4.8% for equation (4.3).

The validation results presented in Figures 4.13, 4.14, 4.15 and 4.16, are seen to capture
with sufficient accuracy the real traffic flow conditions in the particular U.K. freeway stretch,
for all the examined cost functions, although not at the exact same level of accuracy as the
calibrated ones. In particular, the GKT model was able to reproduce the congestion extend as
well as the average speed reduction but slightly overestimated its duration (starting later and
finished later) at some locations. However, the overall comparison, also in terms of the three
alternatives cost functions, is considered as satisfactory, given the complexity of the traffic
flow phenomena.
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FIGURE 4.14: (U.K. network - as single lane) Time-series of the real speed measurements (black)
and the GKT model prediction of speed (red) using cost function (4.1) at various detector locations for
the validation day.
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FIGURE 4.15: (U.K. network - as single lane) Time-series of the real speed measurements (black)
and the GKT model prediction of speed (red) using cost function (4.2) at various detector locations for
the validation day.
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FIGURE 4.16: (U.K. network - as single lane) Time-series of the real speed measurements (black)
and the GKT model validation of speed (red) using cost function (4.3) at various detector locations for
the calibration day.

Based on the fact that a very good agreement with the measured data set and very similar
optimal parameter vectors have been produced with all three cost functions, but cost function
(4.1) had slightly better value for the validation procedure, the next test cases will be
conducted only using this cost function.

4.4.2 Calibration and Validation of the Multi-Lane GKT Model Using the
Parallel, Synchronous, Metamodel-Assisted DE Algorithm (U.K. network)

The second problem encountered, concerns the validation of the multi-lane GKT model (as
presented in Section 3.2.1.1) with respect to its accuracy in the reproduction of the recurrent
congestion originated from high on-ramp flows during the morning peak hours, using real
traffic data from the three-lane freeway stretch in the U.K. (see Section 4.2.1). As described in
Section 3.2.1.1, in the developed multi-lane GKT model, the lane-changing terms, simulating
lane-changes due to vehicle interactions as well as spontaneous ones, are introduced as source
and sink terms in the model equations; the model provides the ability to use different
calibration parameters per lane. Hence, the numerically discretized multi-lane GKT model
was first calibrated to specify the optimal parameter values for the considered network, using
the measured data for a specific day. Again, to demonstrate the validity of the developed
model to reliably reproduce the traffic conditions of the examined site, the optimal parameters
resulting from the calibration procedure were applied to the same freeway on a different day.

Before we proceed, it is important to highlight that the selected cost function (4.1) is
adapted in this case, in order to calibrate the complicated multi-lane GKT model that has a
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relatively large number of (usually) counteracting calibration parameters. Therefore, the cost
function (4.1) is reformulated as

1 N K n i 2 i 2
165 ZEZZ [(1—,@ (1—%) +u<1_32',k> ] (4.4)

=1 k=11 Lik Lik

where, u;; , and q; ; , represent the predicted mean speed and flow, respectively, computed
for lane [, location k (K is the number of detectors that are available for calibration) and time
instant i (n is the simulation time horizon); uf; , and g} , represent, respectively, the observed
mean speed and flow computed at lane [, location k and time instant i, while C = N -n- K, and
p is a weighting factor equal to 0.5.

4.4.2.1 Calibration Results

As in the previous test case, the real measurements per-lane used for the calibration process
were collected on the M56 motorway in U.K. on the 3rd of June, 2014. The multi-lane GKT
model parameters, along with their corresponding admissible bounds, being consistent with
those given in Delis et al., 2014, 2015b, are presented in Table 4.3. The DE algorithm was
employed with a population size equal to 60, whereas the maximum number of generations
was set equal to 1500; the control parameters for the mutation and crossover operations were
F =0.6and C, = 0.45.

TABLE 4.3: (Multilane U.K. network) Admissible range of the parameter vector used for the multi-
lane GKT model calibration.

Model parameters Units Bounds
Desired free speed, t;;4; km/h [80, 140]
Maximum density, ppmax veh/km [140, 160]
Critical density, p¢y; veh/km [30, 60]
Desired time gap, T; s [1, 2]
Anticipation factor, y, [1,1.5]
Relaxation time, T, S [20, 40]
Variance pre-factor for free traffic, Ay, [0.006, 0.01]
Pre-factor, §4; [0.008, 0.04]
Transition width, 6p; veh/km [3.5, 20]
Frequency factor for lane changing, v¢ [0.1, 1]
Critical density for lane changing probability, [0.02, 0.04]
Pp,

Percentage of reducing speed at [0.4,0.9]
exiting/entering, (Uymp/u;)

Spontaneous lane-changing factor, kf Events/sec/m [0.001, 0.1]
Spontaneous lane-changing factor, k5 Events/sec/m [0.001, 0.04]
Spontaneous lane-changing factor, k5 Events/sec/m [0.001, 0.1]
Spontaneous lane-changing factor, k¥ Events/sec/m [0.001, 0.04]

Again, the considered U.K. stretch (9.45 km length) was simulated for 2.5 morning peak
hours (i.e. from 6:30 a.m. to 9:00 a.m.), whereas the space discretization was 4x = 100 m and
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the CFL value was set equal to 0.5, as in the first test case. The clock computational time for

1500 generations was 781.3 min.

Figure 4.17 displays the space-time evolution of the simulated speed, contrasted to the
observations for the calibration day. Figure 4.18 contains the DE convergence history of the
best value of the cost function (4.4) in each generation. Figure 4.19 depicts the measured and
estimated speed dynamics for all detector locations around the congested area; as it can be
observed, the real traffic conditions are well reproduced by the calibrated model, capturing
with sufficient accuracy the onset of congestion with accurate timing and at the correct
location, as observed in the real traffic data. The optimal model parameters and the minimum

value of the cost function are given in Table 4.4.

TABLE 4.4: (Multilane U.K. network) Cost function values and the resulted optimal parameter

values for the calibration phase.

urmp
Lanes Umax Pmax Por T ¥V T A 64 6p vy pp ( u, ) kli k§ k% kg
km veh veh Events
i O = il
h km km sec - lane
Lanel 96 140 30 14 15 28 0.009 0.01 20

Lane2 118 142 59 2 1.5 23 0.0065 0.032 10 0.44 0.02
Lane3 128 140 60 2 1.5 21 0.0064 0.032 14

0.76 0.003 0.007 0.001 0.04

Cost Function Value (%) : 2.9
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FIGURE 4.17: (Multilane U.K. network) Lane phase space speed dynamics for real measured speed
(upper) and the GKT model prediction (lower) for the calibration date.
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FIGURE 4.18: (Multilane U.K. network) The convergence history of the best solution of each
generation of the DE algorithm as a function of the generation number.
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FIGURE 4.19: (Multilane U.K. network) Time-series of the real speed measurements (black) and the

GKT model prediction of speed at various detector locations for the calibration day.
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4.4.2.2 Validation Results

Again, to assess the robustness of the produced calibrated parameters, the resulting multi-
lane GKT model was validated using real traffic data in the same freeway stretch on a different
day, which is the 24th of June, 2014, using the optimal parameters of the previous calibration
procedure (Section 4.4.2.1). The validation results presented in Figure 4.20 and Figure 4.21,
are observed to capture with sufficient accuracy the real traffic flow conditions in the
particular freeway stretch, although not at the exact same level of accuracy as the calibrated
ones. The cost function value for this validation procedure was 5.4 %. From the simulation
results it can be observed that, although the value of the cost function is low, the simulation
is not able to fully replicate all the flow fluctuations inside the congested region. Nevertheless,
the proposed model shows a good potential for simulating such traffic flow patterns in multi-
lane highways.
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FIGURE 4.20: (Multilane U.K. network) Phase space speed dynamics for real measured speed
(upper) and the GKT model prediction (lower) for the validation date.
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FIGURE 4.21: (Multilane U.K. network) Time-series of the real speed measurements (black) and the
GKT model prediction of speed at various detector locations for the validation day.
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4.4.3 Calibration and Validation of the single-lane GKT Model Using
Synchronous and Asynchronous Parallel Metamodel-Assisted DE
Algorithm (Attiki Odos)

The next benchmark problem encountered in this study considers the employment of the two
versions of the developed parallel metamodel-assisted DE algorithm (the synchronous and
the asynchronous one), as described in Section 3.3, for the automated calibration of the
parameters of a second-order macroscopic GKT traffic flow model, using real traffic data from
Attiki Odos freeway (see Section 4.2.2). Hence, the model is first calibrated to identify the
optimal parameter values for the examined freeway test network, using measured data from
a specific date. Eventually, in order to investigate the extent to which the proposed model
replicates the traffic conditions of the considered site, the optimal parameters values resulting
from the calibration process are applied to the same freeway network for a different day. A
comparison between the synchronous and asynchronous DE algorithms, with respect to their
convergence rate, is also presented.

4.4.3.1 Calibration Results

The real traffic data used for the calibration process were collected on the Attiki Odos freeway
in Greece on the 16th of June, 2009. The GKT model parameters, with their respective upper
and lower bounds, being also in line with those given in Treiber et al., 1999, Helbing et al.,
2001, Treiber & Kesting, 2013 and Delis et al., 2014, are presented in Table 4.5. The synchronous
version of the parallel DE algorithm was used first to calibrate the traffic flow model. A
detailed presentation of the calibration and validation results of the GKT model will be
presented only for the optimization run using the synchronous version of the parallel DE
algorithm. The reason is that the results, concerning the optimal parameters vector, obtained
by the synchronous and the asynchronous versions of the DE are almost identical, as it can be
observed in Table 4.6. A comparison between the optimization runs using the two versions of
the parallel DE algorithm will be presented in the following Section 4.4.3.3. The population
size of the synchronous DE algorithm was defined equal to 60, while the algorithm was
executed for 2000 generations. The control parameters for the mutation and crossover
operations were F = 0.6 and C, = 0.45, respectively.
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TABLE 4.5: (Attiki Odos - as single lane) Admissible range of the parameter vector used for the GKT
model calibration.

Model parameters Units Bounds
Desired free speed, Uy, 4y, km/h [110, 130]
Maximum density, pp,qx veh/km [100, 200]
Critical density, p., veh/km [30, 60]
Desired time gap, T s [0.8,2.2]
Anticipation factor, y [1, 2]
Relaxation time, T s [10, 40]
Variance pre-factor for free traffic, Ay [0.0025, 0.015]
Pre-factor, 64 [0.03, 0.035]
Transition width, §p veh/km [3.5, 20]

TABLE 4.6: (Attiki Odos - as single lane) Cost function values and the resulted optimal parameter
values for the calibration phase.

Cost
Model Umax  Pmax Pcr T Y T Ao 64 op Function
Parameters  (km/h) (vel/km) (veh/km) (s) (s) (wely/lm) (%)
0
Optimal values 1, 7, 30 1.059 1.999 30.42 0.015 003 20 4.983
(Synchronous)
Optimalvalues ., 30 1.058 1.999 3046 0.015 0.03 20 4.892
(Asynchronous)

The considered 6.2 km stretch was simulated for 6 morning hours (i.e. from 6: 00 a.m.
to 12: 00 p.m.), whereas the space discretization was for Ax = 50 m and the CFL was set equal
to 0.4. The wall clock computational time for the synchronous run and for 2000 generations
was 1752 min. The resulted optimal model parameters and the minimum value of the cost
function are presented in Table 4.6. In Figure 4.22, the convergence history for the cost
function of the best chromosome in each generation is presented as a function of the
generation number and as a function of the number of exact evaluations, for the synchronous
DE run.
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FIGURE 4.22: (Attiki Odos - as single-lane) The convergence history of the best solution of each
generation of the DE algorithm as a function of the generation number (top) and as a function of exact
evaluations (bottom) (synchronous DE version).

Figure 4.23 presents the space-time diagrams of the real measured speeds, contrasted
to the numerical model's estimation of speed for the calibration day using the computed
optimal parameters. As it can be seen, the model is able to accurately reproduce the
spatiotemporal behavior of the speed dynamics. More precisely, following the early morning
hours and their free flow conditions, the initiation time (at 8:00 a.m.) and location (close to the
E-11-1 off-ramp) of the congestion, as well as its duration (up to 10:00 a.m) along with the
average speed reduction are well reproduced. Further, the upstream propagation of the
congestion (up to the 32nd km) for this date is also accurately represented by the model. It is
noted that, the perfect agreement at the detection station located at the 34th km is due to the
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use of the real measurements from this detector as upstream boundary condition in the
numerical model.
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FIGURE 4.23: (Attiki Odos - as single lane) Phase space speed dynamics for real measured speed
(left) and the GKT model prediction (right) for the calibration day.

Figure 4.24 displays the measured and estimated speed dynamics, in time, for all
detector stations (whose locations are depicted in Figure 4.6). As it can be seen, the reduction
in speed (indicating the initiation of congestion) originates close to the 29th km at 8: 00 a.m.
and propagates upstream up to the 32nd km. This reduction can reach the values of 15 — 20
km/h and lasts for up to two hours for certain locations in the motorway. In addition, the
model is able to reflect realistically the vehicle acceleration downstream of the congestion
creation area (29th km), since this model acknowledges the limited acceleration ability of
vehicles. Hence, the overall agreement of the real measurement time series with those
produced by the GKT model for all detector stations is almost perfect.
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FIGURE 4.24: (Attiki Odos - as single lane) Time series of the real speed measurements (black) and
the GKT model prediction of speed (red) at various detector locations for the calibration day.

In Figure 4.25 the corresponding average flow (veh/h) dynamics comparison is given
for all detector stations. Flow measurements are important as to realize the correct behavior
of the model in terms of density and flow conservation (also related to the correct treatment
in the model of the on- and off-ramp flows). Again the variation of the real flow is correctly
reproduced by the GKT model. An important point here is the ability of the model to
reproduce relatively accurate the reduced (discharge) flow rate following the onset of
congestion. These flow reductions, also well-known as capacity drops, are typically measured
by comparing the queue discharge flow rate to the maximum pre-queue discharge flow rate.
This is particularly evident in the detector stations between 28.3 and 31.6 km.

69



Calibration

Det.: 34km
8000
% 6000
<
pe 4000
k=3
& 2000
0
6 7 8 9 10 11 12
Det.: 32.5km
8000
% 6000
<
e 4000
3
& 2000
0
6 7 8 9 10 11 12
Det.: 30.72km
8000
% 6000
2
e 4000
i=}
= 2000
0
6 7 8 9 10 11 12
Det.: 29.2km
8000
=
o 6000
2
= 4000
i=}
& 2000
0
6 7 8 9 10 11 12

Time (h)

and Validation Results for
Det.: 33.5km
8000
% 6000
Z
P 4000
=}
= 2000
0
6 7 8 9 10 11 12
Det.: 32km
8000
% 6000
Z
> 4000
=}
= 2000
0
6 7 8 9 10 11 12
Det.: 30.1km
8 9 10 11 12
Det.: 28.7km
8000
% 6000
Z
z 4000
[=}
= 2000
0
6 7 8 9 10 11 12
Time (h)

—Real data —Numerical

Different

Test Cases

Det.: 33km
8000
% 6000
Z
s 4000
<
= 2000
0
6 7 8 9 10 11 12
Det.: 31.6km
8000
% 6000
<
> 4000
3
= 2000
0
6 7 8 9 10 11 12
Det.: 29.6km
8000
% 6000
2
Py 4000
<
= 2000
0
6 7 8 9 10 11 12
Det.: 28.3km
8000
=
o 6000
2
z 4000
(=}
&= 2000
0
6 7 8 9 10 11 12
Time (h)

FIGURE 4.25: : (Attiki Odos - as single lane) Time series of the real flow measurements (black) and
the GKT model prediction of flow (red) at various detector locations for the calibration day.

4.4.3.2 Validation Results

To test and assess the performance and robustness of the resulting GKT model, the optimal
parameters resulting from the previous calibration procedure (Section 4.4.3.1) were applied
to the same freeway stretch in Attiki Odos, but for a different day, the 23rd of June 2009. For
the validation day, the recurrent congestion in the traffic flow behavior is similar to the one of
the calibration day. The cost function value obtained for the validation procedure was 14%.
The validation results are presented in Figures 4.26, 4.27 and 4.28 following the same
presentation as for the calibration day (in Figures 4.23, 4.25). The real traffic flow conditions
indicate a similar behavior with that of the calibration date. The only differences being the
time duration of the congestion (which starts at about 8:30 a.m.) but now propagates up to
the 33rd km. The validation results show that the model is able to reproduce traffic congestion
due to the over-spilling off-ramp with sufficient accuracy.
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FIGURE 4.26: (Attiki Odos - as single lane) Phase space speed dynamics for real measured speed
(left) and the GKT model prediction (right) for the validation day.

Figure 4.26 presents the space-time diagrams of the real measured speeds, in
comparison to the numerical model's estimation of speed for this day using the computed
optimal parameters obtained from the calibration date. The GKT model was able to reproduce
the congestion extend as well as the average speed reduction but slightly overestimated its
duration (starting earlier and finished later) at some locations. This is also evident in Figure
4.27, since at some detectors (those at 29.6, 30.1 and 30.72 km) the time duration of the
congestion is slightly larger. However, the overall comparison, also in terms of the average
predicted speed, is considered as satisfactory, given the complexity of the traffic flow
phenomena. Further, in Figure 4.28 the corresponding average flow dynamics comparison is
given for all detector stations. Again the variation of the real flow is almost correctly
reproduced by the model with only some discrepancies appearing in some detectors, where
the flow emerging from the congestion (discharge) is somehow lower compared to the real
one, on average.

In general, it is observed that the model is able to reproduce/replicate the traffic
conditions of other days with sufficient accuracy, predicting the congestion at almost the right
time period and for the right space-time extent; although it is seen to produce slightly longer
congestion duration at certain locations.
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FIGURE 4.27: (Attiki Odos - as single lane) Time series of the real speed measurements (black) and
the GKT model prediction of speed (red) at various detector locations for the validation day.
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FIGURE 4.28: (Attiki Odos - as single lane) Time series of the real flow measurements (black) and
the model prediction of flow (red) at various detector locations for the validation day.

4.4.3.3 Comparison between Synchronous and Asynchronous Parallel Differential
Evolution Runs (Attiki Odos - as single lane)

In the following, a comparison between the two versions of the parallel DE algorithm is
presented, with respect to the calibration of the single-lane GKT model for Attiki Odos case.
Both parallel DE versions (synchronous and asynchronous) were run for 2000 generations,

and converged practically to the same optimal solution (the one depicted in Table 4.6). Figure

4.29 contains the convergence histories for the two parallel DE versions with respect to the
generation number (top) and the number of exact evaluations (bottom). The minimum value
of the cost function in each generation (the cost function of the best member of the population)
is plotted against the generation number (as previously defined for the asynchronous version)
in the first case (Figure 4.29 (top)). It can be easily observed that, although both versions
converge to almost the same cost function value, the asynchronous version has a steeper
convergence rate at the beginning of the optimization procedure, reaching faster a region close
to the final optimal solution. However, if we compare the two versions with respect to the
number of exact evaluations, a very similar behavior is observed, which will be explained

later.
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FIGURE 4.29: (Attiki Odos - as single lane) Convergence histories of the synchronous and
asynchronous versions of the parallel DE algorithm, for the calibration of the GKT model: as a
function of generation number (top), and as a function of exact evaluations (bottom).

Figures 4.30 and 4.31 contain the histories of the training and testing errors for the two

surrogates (RBF and MLP Artificial Neural Networks), for the synchronous parallel DE run.
The MLP surrogate demonstrates a much smoother behavior of its errors, compared to the
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RBF one, but the latter provides much smaller training and testing errors. As a result, it is the
RBF network that is used for the pre-evaluation phase for all generations in the synchronous
run.

Figures 4.32 and 4.33 contain the histories of the training and testing errors for the two
surrogate models, for the asynchronous parallel DE run. Their behavior is very similar to the
synchronous run (with slightly lower error values, due to the faster convergence of the
asynchronous DE version). The RBF again demonstrates much lower training and testing
errors for all generations, and it is always (automatically) selected for the pre-evaluation phase
of the trial vectors. It should be mentioned here that the automatic selection of the best
surrogate model in each generation (based on the lower value of the corresponding testing
error) makes the surrogate-assisted optimization procedure very easily adaptable to different
cost functions and search spaces.
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FIGURE 4.30: (Attiki Odos - as single lane) The history for the Training Error for both surrogate
models, for the synchronous DE run.
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FIGURE 4.31: (Attiki Odos - as single lane) The history for the Testing Error for both surrogate
models, for the synchronous DE run.
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FIGURE 4.32: (Attiki Odos - as single lane) The history for the Training Error for both surrogate
models, for the asynchronous DE run.
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FIGURE 4.33: (Attiki Odos - as single lane) The history for the Testing Error for both surrogate
models, for the asynchronous DE run.

Figure 4.34 contains the history for the exact evaluations per generation for the
synchronous and the asynchronous DE runs. For the synchronous run, it is evident that for
almost half the members of each population an exact evaluation is used after the pre-
evaluation phase. This number slightly decreases with increasing generation number. The
number of exact evaluations per generation depends on the optimization problem at hand
and on the selected surrogate model as well. In general, when the RBF network is selected as
the surrogate model, a large number of exact evaluations is observed in each generation, but
when the MLP network is selected, only few calls to the exact evaluation procedure are
observed in each generation (Nikolos, 2013). For the asynchronous run a completely different
situation can be observed. Due to the fact that the “generation” is rather an artificial time
period (defined by the master node), and due to the absence of synchronization between the
parallel processes, a large number of exact evaluations takes place in each generation, which
may be even higher than the number of available processors (being equal to 60). This unusual
observation is explained by the fact that the master node (which defines the time duration of
each “generation” in the asynchronous version), besides the evaluation of its individuals, has
to perform all the DE processes, including the re-training and re-testing of both surrogate
models. The resulting delay in the completion of its “generation” requires additional time,
which is used by the rest of the processors to evaluate more individuals in an asynchronous
(thus more efficient) manner. This explains also the faster convergence of the asynchronous
DE compared to the synchronous one, with respect to the generation number (Figure 4.29
(top)). In each “generation”, the asynchronous version completes many more evaluations
(exact and inexact), thus it evolves its population faster. However, if the convergence is plotted
with respect to the exact evaluations (Figure 4.29 (bottom)), both versions show similar
performance. This observation unveils the fact that the cost function value convergence rate
is directly connected to the number of exact evaluations, regardless the way such evaluations
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are accomplished (synchronously or asynchronously). In the latter case (Figure 4.29 (bottom)),
as the asynchronous evaluations result in a more efficient utilization of the available
computational resources, this observation has the effect of faster convergence rate. To
demonstrate that, the two runs (synchronous and asynchronous) had almost the same wall
clock run times for 2000 generations (105,132 s and 100,585 s, respectively). However, these
run times correspond to 68,575 exact evaluations for the synchronous parallel DE run and to
118,055 ones for the asynchronous one.

In order to further test the predictive ability of the surrogate models, an experiment
was conducted for the synchronous version of the parallel DE algorithm. For this experiment
the algorithm was modified as to exactly evaluate all the candidate solutions in each
generation, so that the predictive capability of the utilized surrogate model to be evaluated.
Figure 4.35 contains the percentage (in each generation) of the correct worse-fitted forecast by
the surrogate model for this implementation (how many candidate solutions predicted by the
surrogate model as worse-fitted than their parents are actually worse-fitted). As it can be
observed in Figure 4.35, this percentage is very high (in the order of 95%), which supports the
use of the surrogate model to predict the less-promising candidate solutions.

Finally, Figure 4.36 contains the percentage (in each generation) of the correct better-
fitted forecast by the surrogate model (how many candidate solutions predicted by the
surrogate model as better-fitted than their parents are actually better-fitted). As it can be
observed in Figure 4.36, this percentage is relatively low. However, this prediction does not
have a negative effect on the accuracy and the robustness of the DE algorithm as it is followed
by an exact evaluation. This low-accuracy prediction can be explained by the fact that the new
candidates are outside the region used to train the surrogate models. At the same time this
region becomes shorter as the generation number gets higher.
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FIGURE 4.34: (Attiki Odos - as single lane) The history of the exact evaluations per generation for
the synchronous DE run (top) and the asynchronous one (bottom).
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FIGURE 4.36: (Attiki Odos - as single lane) The history of the percentage of the correct better-fitted
forecast by the surrogate model for the synchronous implementation.
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44.4 Comparative Calibration and Validation of the GKT and METANET
Models Using Synchronous Parallel Metamodel-Assisted DE Algorithm
(U.K. network - as single lane)

The last calibration testing encountered in this study concerns the employment of the
synchronous, parallel, metamodel-assisted DE algorithm for the automated calibration of the
parameters of the two second-order macroscopic traffic flow models (as single-lane). In
particular, the numerically approximated second-order GKT model and the discrete second-
order METANET model were compared, regarding the reproduction of traffic congestion
created at freeways close to on/off-ramps. To this end, the selected models were first
calibrated using real traffic data from the freeway stretch in U.K. and then validated and
compared using real traffic data for a different day from the same freeway network.

4.4.4.1 Calibration Results

As in the first test case (Section 4.4.1.1), the calibration results were obtained using real traffic
data from the M56 motorway in U.K. on the 3rd of June, 2014. The GKT model parameters,
with their respective upper and lower bounds, according to Treiber et al., 1999, Helbing et al.,
2001, Treiber & Kesting, 2013 and Delis et al., 2014, are presented in Table 4.7. Moreover, the
population size of the DE algorithm was defined equal to 50, whereas the maximum number
of generations was 1100; the control parameters F and C, for the mutation and crossover
operations were set equal to 0.6 and 0.45, respectively.

TABLE 4.7: (U.K. network - as single lane) Admissible range of the parameter vector used for the

GKT model calibration.
Model parameters Units Bounds
Desired free speed, U4y, km/h [105, 135]
Maximum density, pmqx veh/km [100, 200]
Critical density, p¢, veh/km [30, 60]
Desired time gap, T s [0.5, 2.5]
Anticipation factor, y [1, 2]
Relaxation time, T S [10, 40]
Variance pre-factor for free traffic, A [0.0025, 0.015]
Pre-factor, 64 [0.01, 0.03]
Transition width, ép veh/km [3.5, 20]

The examined freeway stretch of 9.45 km was also simulated from 6:00 a.m. to 9: 00
a.m..), with the space discretization equal to 100 m and the CFL value equal to 0.5. Figure 4.37
illustrates the convergence history of the best solution of each generation, which achieves a
low value already from the first 400 iterations. Table 4.8 presents the resulting optimal model
parameters and the minimum of the cost function, calculated using equation (4.1). Figure 4.38
displays the space-time evolution of real measured speed, contrasted to the model prediction
for the calibration day. Figure 4.39 depicts the measured and simulated speed dynamics for
all detector stations around the traffic congestion area, using the optimal parameters values
of Table 4.8; as it can be observed, the calibrated model reproduces with sufficient accuracy
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the real traffic conditions, capturing the occurring congestion at the accurate location and time
in both duration and extent.
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FIGURE 4.37: (U.K. network - as single lane) DE algorithm convergence history during the
calibration of the GKT and the METANET models.

TABLE 4.8: (U.K. network - as single lane) Cost function values and the resulted optimal parameter
values for the calibration phase of the GKT model.

Model Umnax Pmax Per T )4 T Ay 64 ép
parameters (km/h) (vel/km) (veh/kin) (s) (s) (veh/km)
Optimal 115 170 42 2 2 20 0.0025 0.015 10
values

Cost 1.16

function

(%)
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FIGURE 4.39: (U.K. network - as single lane) Time series of the real speed measurements (black) and
the GKT model prediction of speed (red) at various detector locations for the calibration day.

Regarding the METANET model, the parameter vector consists of the free flow speed
uy, the critical density p., and the parameters a, 7, v and §, which are common for all the
freeway sections. Moreover, the model includes two extra parameters which are known from
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previous validation exercises to be of minor importance and are, therefore, given constant
values, in order to reduce the dimension of the parameter vector. In particular, « is set equal
to 10 veh/km/lane and u¢ is set to 7 km/h. Thus, one single fundamental diagram is
considered for all freeway sections in this model. The METANET model parameters, with
their respective upper and lower bounds are presented in Table 4.9. Again, the DE was
employed with population size equal to 50, maximum number of generations 1100 and
control parameters F = 0.6 and C, = 0.45; the consider network was also simulated from 6: 00
a.m. to 9: 00 a.m. as in the case of the GKT model.

TABLE 4.9: (U.K. network — as single lane) Admissible range of the parameter vector used for the
METANET model calibration.

Model parameters Units Bounds

Free flow speed, uy, km/h [80, 150]

Critical density, p., veh/km/lane [5, 80]

Model parameter, a [1800, 2500] (capacity
bounds)

Time constant, T S [5, 80]

Anticipation constant, v km2/h [15, 40]

Model parameter, § h/km [0, 10]

Figure 4.37 presents the DE convergence history of the best value of the cost function
in each generation, which also achieves a low value already from the first 450 iterations. Table
4.10 contains the optimal parameter set, obtained for the specific cost function (4.1) as well the
corresponding minimum value. The space-time evolution of the model estimation of speed in
comparison with the real measured data for the calibration day is illustrated in Figure 4.40.
Figure 4.41 displays the observed and estimated speed dynamics for all detector locations,
using the optimal parameters values included in Table 4.10. In both figures, it can be seen that
the model predictions are very close to the real measurements, as for the previous model.
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TABLE 4.10: (U.K. network - as single lane) Cost function values and the resulted optimal
parameter values for the calibration phase of the METANET model.

Model Uy Per a T \Y o
parameters (km/h) (vel/km/lane) (s)  (km¥h)  (Wkm)
Optimal 114 34.5 23 198 29.7 0.66

values
Cost 14
function
(%)
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FIGURE 4.40: (U.K. network - as single lane) Phase space speed dynamics for real measured speed
(left) and the METANET model estimation (right) for the calibration date.
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FIGURE 4.41: (U.K. network - as single lane) Time series of the real speed measurements (black) and
the METANET model prediction of speed (red) at various detector locations for the calibration day.

4.4.4.2 Validation Results

In order to test and evaluate the robustness of the produced optimal parameters of the
previous calibration procedure (Section 4.4.4.1), the resulting macroscopic traffic flow models
were validated using a different data set than the one utilized for their calibration. Hence,
both models were validated using real traffic data in the U.K. site from 24th June, 2014, with
particular emphasis on the recurrent congestion in traffic flow, which persists between 7: 00
a.m. and 8: 00 a.m., as in the calibration day.

Figure 4.42 displays the space-time diagrams of the real measured speeds, contrasted
to the models' prediction of speed for the validation day. The comparison between the real
speed data and the simulated speed data can be seen in Figure 4.43 for the GKT model and in
Figure 4.44 for METANET model. It is observed that both models are able to reproduce the
real traffic condition for the specific freeway stretch in U.K. also for the validation day,
simulating the congestion for the correct duration and extent, as observed in the real traffic
data; although the METANET model is seen to produce a congestion that spills back further
onto the freeway mainstream and spreads almost all over the network. The cost function value
for this validation procedure was 1.6 % for the GKT model and 1.5 % for the METANET
model.
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FIGURE 4.42: (U.K. network - as single lane) Phase space speed dynamics for real measured speed
and the models’ estimation for the validation date (left: measured, center: GKT, right: METANET).
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FIGURE 4.43: (U.K. network - as single lane) Time series of the real speed measurements (black) and
the GKT model prediction of speed (red) at various detector locations for the validation day.
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FIGURE 4.44: (U.K. network - as single lane) Time series of the real speed measurements (black) and
the METANET model prediction of speed (red) at various detector locations for the validation day.

4.5 Final Remarks and Conclusions

In this chapter, the parallel metamodel-assisted DE algorithm was employed for the
automated calibration of the parameters of a second-order macroscopic GKT traffic flow
model, using real traffic data. Specifically, the GKT model was calibrated and validated by
employing both the synchronous and the asynchronous version of the DE algorithm using
real traffic data from the U.K. motorway and from Attiki Odos freeway in Athens; in the first
network traffic congestion is created due to high on-ramp flows during the morning hours,
whereas in the second network recurrent congestion is triggered by a saturated off-ramp
during the morning peak hours, as well. Furthermore, the extended GKT model for the
simulation of multi-lane traffic dynamics was also evaluated using real traffic data from the
motorway network in the U.K. (by employing the synchronous version of the DE algorithm).
Subsequently, by implementing the same optimization scheme for the same network in U.K.,
the GKT model was compared with the well-known METANET model.

Following from the numerical results, both parallel DE algorithms proved to be viable
candidates and versatile tools for the calibration of macroscopic traffic flow models, having
counteracting calibration parameters in which the cost function exhibits multi-optimal values.
Specifically, the resulted optimal values of the model parameters indicated that the proposed
DE algorithms guarantee the convergence to the best solutions as well as that the GKT model
is able to replicate and predict with sufficient accuracy the prevailing traffic flow conditions;
especially, in the case of the calibration of the complicated multi-lane GKT model, which have
a relatively large number of (usually) counteracting calibration parameters, the synchronous
DE algorithm also proved to be a promising and robust tool. It is also worth to highlight that
the DE algorithms have the advantage that they can be used without the need of tuning its
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parameters for the problem at hand, while wide bounds can be used for the unknown vector
without convergence problems.

Regarding the implementation of the (synchronous) DE algorithm for the comparison
of the GKT and METANET model, simulations results showed that the performance of the
two models is comparable; both the GKT and METANET model were able to reproduce
accurately and similarly the real traffic dynamics, including congestion. Moreover, by
comparing the two versions of the DE algorithm, the asynchronous version had a faster
convergence rate (especially at the first steps of the optimization procedure), compared to the
synchronous one, as it was expected. Further, for the addressed optimization problem, the
Radial Basis Function (RBF) Artificial Neural Network (ANN) featured the lowest training
and testing errors for all generations and for both versions of the DE optimizer. As such, it
was constantly (automatically) selected as surrogate model for the pre-evaluation phase, in
both cases. Finally, the robustness of the calibrated parameters was demonstrated through the
validation process, indicating that both the single- and multi-lane GKT models, as well as the
METANET model, are able to reproduce with sufficient accuracy the traffic flow conditions
of the particular networks also for different than the calibration date.

89



Part 11

Macroscopic Modelling of ACC/CACC
traffic: Stability Analyses
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Chapter 5: Macroscopic Traffic Flow
Modelling with  Adaptive and
Cooperative Adaptive Cruise Control

5.1 Introduction

During the last decades, there has been an enormous effort to develop a variety of VACS that
are expected to bring radical changes in the way that traffic flow will be controlled and
optimized. VACS, such as ACC and CACC systems, were initially developed with particular
emphasis put on improving comfort, convenience, and safety. The benefits of the ACC and
CACC framework are also highlighted in terms of improved capacity and stability. Indeed,
for specific values of their parameters, such systems appear to be a potential remedy to reduce
the amplitude or even to eliminate the formation of traffic flow instabilities, which are usually
related to traffic jams. This advanced feature, along with the expected spreading of such
systems, are likely to effectively contribute to the diminution of the existing and rising traffic
congestion.

Motivated by such facts, the automotive industry and many research institutes have
made a massive interdisciplinary effort to develop and test VACS, while several different
types of equipped vehicles are already available in the market. The ACC technology, for
example, enables drivers to automatically follow a preceding vehicle by controlling the
throttle and the brake actuators. Specifically, using headway sensors, such as a radar or
LIDAR, an ACC system is able to continuously measure the time-gap and the speed to the
front vehicle, usually referred to as the leader. Hence, in cases that the ACC sensors detect
that the leading vehicle travels at a lower speed, ACC automatically adjusts the speed of the
equipped vehicle in order to realize the pre-selected by the user desired distance (gap-control
mode). On the other hand, when the leader is out of the range of the equipped vehicle’s
sensors, the ACC vehicle operates in a speed-control mode, maintaining the user-defined free-
speed.

An enhancement of the ACC functionality is the CACC system, which is based on
inter-vehicle exchange of information among the equipped vehicles via wireless technology
or ad-hoc networks, resulting in remarkably higher accuracy and faster response. Thus, even
though ACC systems have been focused on increasing driving comfort, safety and collision
avoidance, as the driver is relieved from continuous speed adjustments to the speed of the
leader, CACC systems additionally offer high potential to further improve the traffic flow
capacity and safety, reducing the traffic congestion as well. The latter is the prospective result
of the main aspiration of the CACC concept to decrease time gaps between consecutive
vehicles, as well as to eliminate the traffic disturbances. Compared to ACC, the literature on
CACC systems is still very premature and relevant studies do not usually investigate the
traffic flow effects of CACC quantitatively in terms of throughput, capacity, and congestion
reduction, but aim at creating design frameworks which will standardize and optimize the
use of such technology.

A lot of active approaches relying on microscopic traffic flow simulation have been
reported, representing the vehicle behavior in presence of ACC and CACC systems at

92



Introduction

individual level (see, e.g., Ioannou & Chien, 1993; Swaroop et al., 1994; Swaroop & Hedrick,
1996; Liang & Peng, 1999, 2002; Swaroop & Rajagopal, 1999; Alkim et al., 2000; Marsden et al.,
2001; VanderWerf et al., 2001; Davis, 2004, 2007; Rajamani et al., 2005; Kesting et al., 2006, 2008,
2010; van Arem et al., 2006; Nowakowski et al., 2011; Shladover et al., 2012; Arnaout & Bowling,
2014; Milanés et al., 2014; Milanés & Shladover, 2014; Wang et al., 2014; Ntousakis et al., 2015).
On the contrary, the corresponding literature pertaining to macroscopic models is rather
limited. However, macroscopic models in general have specific advantages, compared to
microscopic ones, as they require less computational resources, involve fewer parameters, and
need lower calibration and validation effort. Hence, the development of macroscopic models
for the real-time simulation of ACC and CACC traffic, evaluating also their impact on traffic
dynamics, could be of major significance in the near future.

In Swaroop & Rajagopal, 1999, a design approach for an ACC strategy of vehicles in
an Automated Highway System, based on macroscopic traffic flow stability analysis, was
presented. In this study, in order to analyze the effect of the ACC laws on the behavior of
traffic flow, an open stretch highway with inlets and exits was considered, having a small
constant inflow from an on-ramp, where all the equipped vehicles employed constant-time
headway policy; the results showed that the constant-time headway policy leads to
characteristics inappropriate for automated traffic flow. Furthermore, Yi & Horowitz, 2002,
presented a macroscopic model with velocity saturation for traffic flow that also takes into
account a constant-time headway policy in order to study the behavior of ACC vehicles.

In Lenz, 1999, and Hoogendoorn & Bovy, 2001, the macroscopic formulation of a
kinetic model to variable speed control was applied, using Variable Message Signs (VMS). In
the first work, a sliding mode controller that was able to extinguish stop-and-go waves by
increasing the flow above some density and by decreasing the flow below this density,
adapting suitable speed limits on the VMS, was applied. In the second work, a similar
approach was adopted, in which VMS were used to inform drivers of slower traffic ahead.
The authors assumed that drivers decrease their desired velocity when control is active and
applied the variable average desired speed in the macroscopic implementation of the model.
As aresult, the occurrence of the so-called phantom traffic jams was prevented, as long as the
speed adaptation by drivers was sufficiently high.

An analysis of ACC systems based on macroscopic traffic flow modelling was also
conducted by Demir, 2003. In particular, the already existing macroscopic model of Payne was
modified including parameters to represent ACC policies, by being calibrated using a
microscopic simulation model incorporated in ACC vehicles. Following from the simulation
results, lower time headways increased the traffic flow rate while congestion disappeared
faster, even with small penetration rates of ACC vehicles. Specifically, up to a penetration rate
of 30 % the traffic flow rate was increasing, whereas an additional increase of the penetration
rate did not provide any further benefits.

An extended multiclass gas-kinetic theory was proposed by Ngoduy et al., 2009, to
integrate the cooperative concepts into traffic flow modelling, allowing the equipped vehicles
to adapt their desired speed to the speed of the congested traffic flowing downstream; the
derived macroscopic model was based on the method of moments. In this way, the equipped
vehicles lead to a delay in traffic inflowing the congested area, adopting a deceleration
situation close to lower speed areas. Through the numerical tests it became apparent that the
presence of equipped vehicles contributes to substantial improvements of traffic flow stability
and total travel time, as well as to the suppression of traffic congestion. The same method of
moments was applied by Ngoduy, 2012a, to derive a macroscopic formulation for a multiclass
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gas-kinetic model able to simulate mixed traffic flow of both manual and ACC vehicles. Based
on the numerical simulation results, it was demonstrated that increasing the penetration rate
of ACC vehicles contributes to more stable traffic flow, while a rate of 30 % ACC vehicles
results in remarkably improved capacity and reduced travel time. Furthermore, the
development of a macroscopic model for CACC traffic flow dynamics was presented by
Ngoduy, 2013a, also based on the gas-kinetic approach. The numerical results indicated that
CACC systems better enhance the dynamic equilibrium capacity, compared to ACC vehicles,
which potentially lead to jam suppression effects at bottlenecks. Finally, recent works
regarding the platoon-based driving behavior (Ngoduy, 2013b) and the multi-anticipative
driving behavior (Ngoduy & Wilson, 2014), are also derived from the modified gas-kinetic
theory.

In the following Section 5.2, a new approach to develop a second order macroscopic
model for traffic flow by Delis et al., 2015a, is presented, which reflects ACC and CACC traffic
dynamics in the GKT model (see Section 3.2.1). In particular, modelling is based on the
introduction of a relaxation term in a GKT model that satisfies the time-gap principle of ACC
or CACC systems and allows for consideration of mixed traffic of manual and ACC/CACC
vehicles. The relaxation time is assigned to multiple leading vehicles in the CACC case,
whereas in the ACC case it’s only related to the direct leading vehicle. Appendix B presents
the related mathematical background for the development of the macroscopic models for
ACC and CACC traffic flow dynamics of Ngoduy, 2012a, and Ngoduy, 2013a, for comparative
reasons.

5.2 The GKT Model for ACC and CACC Systems

In this section, the developed second-order macroscopic traffic flow model, incorporating the
behavior of ACC and CACC equipped vehicles, is reviewed (Delis et al., 2015a; Nikolos et al.,
2015). The model has been implemented based on the gas-kinetic traffic flow model, which
was first established in the 1960s with a quite simple model by Prigogine & Andrews, 1960,
and Prigogine, 1961. However, in the last years an increasing interest can be observed for the
GKT model, by applying it to derive alternative continuum macroscopic traffic flow models
(Treiber et al., 1999; Helbing et al., 2001; Treiber et al., 2010; Ngoduy, 2012a; 2013a; 2013b). The
macroscopic traffic flow equations are derived from the gas-kinetic ones using the so-called
method of moments (see, e.g., Helbing, 1997b; Treiber et al., 1999; Ngoduy, 2006, 2009; Ngoduy
et al., 2009; Ngoduy & Tampere, 2009; Ngoduy, 2012a). Specifically, as the gas-kinetic models
describe the dynamics of the phase-space density, which reflect the dynamics of the velocity
distribution functions of vehicles in traffic flow, one knowing the phase-space density profile
and using the method of moments can define the macroscopic traffic flow variables such as
the density, the mean speed, or the flow rate. It should also be noted at this point that the
crucial difference between the GKT model and other macroscopic traffic flow models is its
non-local interaction term, which has beneficial properties regarding the rapidity and
robustness of numerical integration methods. Therefore, the GKT model allows for real world
application ensuring accuracy, robustness and computational efficiency, even in case of large
freeway network (Treiber et al., 1999). Moreover, the non-local GKT model is capable to
describe the “synchronized traffic”, namely the hysteretic phase transitions to congested
traffic, which is the most frequent form of congested states, typically occurring behind on-
ramps, gradients, or other bottlenecks of crowded highways (Helbing & Treiber, 1998; Treiber
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et al., 1999; Treiber & Helbing, 1999). For a more detailed review of the features of the GKT
model with the corresponding mathematical form, see Section 3.2.1.

By denoting again p(x, t) the traffic density, u(x, t) the average speed and q = pu the
traffic flow rate as functions in space, x and time instant ¢, the modified single-lane GKT
model, in its conservation law form with source terms (without on/off-ramps) is given as,

0¢(p) + 0x(pw) = 0, (5.1)

Ve'(p) —u
T

d¢(pu) + ax(puz +6p) =p ( ) [1—pF(p)] + PVacejcace - (5.2)

From the momentum equation (5.2), it can be seen that the contribution of ACC and CACC
vehicles lies in the terms of pVycc/cacc and [1 — pF(p)], where p is the penetration rate of the
ACC/CACC-equipped vehicles. By setting the coefficient p equal to zero the original GKT
model equations for manual driving are obtained, as described in Section 3.2.1. Moreover, the
definition of the GKT models” parameters, such as the pressure-like term, 8, the equilibrium
speed, V" (p) and the relaxation time, T remains the same with their definition in Section 3.2.1.

Next, the incorporation of the ACC and CACC traffic dynamics in the GKT model is
presented. This is done through the terms, pVcc/cacc and [1 — pF(p)], in equation (5.2), with
p = 1. One major difference of this new approach compared to others, is that the ACC/CACC
terms contribute to the non-local relaxation term in the momentum equation of the GKT
model, which controls the speed dynamics in traffic flow. In addition, the proposed model
enables the explicit definition of the significant for cooperative systems time-gap principle,
allowing the simulation of ACC and CACC flows with different time-gap settings, leading to
different dynamic equilibrium capacities and dynamic behavior.

The proposed model is based on the prerequisite control objectives that the ACC
systems should adopt, and by extension the CACC systems, as they have similar control
objectives with the important difference being in their desired time gaps, according to
Shladover et al., 2012:

I.  Speed control mode: to travel close to the pre-set by the driver maximum velocity, in
cases where no leading vehicles are detected and identified by the sensor systems, or
leading vehicles are detected but their speeds are higher than the driver-defined
maximum velocity.

I.  Gap control mode: to adjust the velocity of the equipped vehicle equal to the velocity of
the leading vehicle, so as to maintain the user-defined desired gap, in cases that the
leading vehicle is identified by the sensor systems and its velocity is lower than the
pre-set by the user maximum speed.

III.  The two aforementioned control modes are required to operate with robust, stable and
smooth transitions between them, in order to avoid discomfort to the passengers, on
account of sudden, abrupt changes in velocity.

At this point, it is essential to clarify the terms headway and gap. Time/space-headway is
defined as the time/space interval between the front bumpers of two successive vehicles
following each other, while time/space-gap is defined as the time/space interval between the
rear bumper of the leading vehicle and the front bumper of the following vehicle (Treiber &
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Kesting, 2013). Moreover, the proposed model was induced by an appealing control policy
for ACC (and -in extension- CACC) systems, the ““Constant Time Headway (CTH) policy”,
where the desired inter-vehicle distance is proportional to the vehicle’s velocity (Zhou &
Peng, 2005).

The following are the underlying assumptions for the developed model, satisfying
simultaneously the aforementioned objectives:

e At densities explicitly below the critical threshold p,.. (being lower than or equal to
the critical density p.,) the additional term to the GKT model has no influence, since it
is supposed that the drivers react by setting their maximum desired speeds as in a
manual manner. At densities around p,.. a smooth but fast transition between the
previous manual case and the ACC or CACC model is established, using the Fermi
function:

1 p— pacc)]

F(p) = [1 + tanh ( )] (5.3)

e When the gap control mode is activated, the desired constant time gap T* is imposed
through its corresponding influence on a desired density p*, given as:

1
R — 5.4
’ T Vbpar + T o4
in which the denominator reflects the desired space headway, with 1/p;,4, being the vehicle’s
length and u* = u(x*) being the velocity of the preceding vehicle, computed at “interaction”
position:

x*=x+ Y (1/pmax +T'W), v" € [1,2]. (5.5)

Additionally, after a relaxation time 7* the desired speed relaxes to the speed of the preceding
vehicle u*. Accordingly, the corresponding source term of equation (5.2) that reflects the
behavior of ACC systems can be expressed mathematically as

- pu” — pu
Vace (oo, 9" 0 = Fp) (FE2). (5.6)

In the work of Marsden et al., 2001, it was demonstrated that the minimum time-gap that can
be achieved by ACC vehicles is 0.8s. In general, indicated values for ACC-equipped vehicles
should be T* € [0.8,2.2]s, following [ISO 15622,2010] standards, while * =~ 1s.

In the following, in order to model the impact of CACC vehicles in traffic flow
dynamics, a similar approach is utilized, with the only difference being that the vehicle can
exchange information with multiple preceding vehicles, each one of which has a different
relaxation time. As a result, the corresponding source term of equation (5.2) is modified,
taking into consideration the velocities of the respective preceding vehicles, enhancing in this
way the smoothing effect of this term. It is also worth mentioning that this feature for
exchanging information from far downstream enables a considerable reduction in the size of
time gaps, resulting in a significant increase of traffic flow density and efficiency without
compromising safety. Thus, the corresponding source term of the momentum equation takes
the form
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where u; = u(x;) withx =x+ i v*"(1/pmax+ T *w), i=1,..,M,and
. 1
= 58)

In this work indicated values for CACC systems should be M = 3, while [z], 73, 73] = [2, 3, 6].

5.3 Qualitative comparison between the utilized ACC model and that
proposed by Ngoduy

In this section, the developed second-order macroscopic traffic flow model, incorporating the
behavior of ACC-equipped vehicles (Delis et al., 2015a; Nikolos et al., 2015) is qualitatively
compared with the one proposed by Ngoduy, 2012c.

By denoting p(x, t) the traffic density, u(x, t) the average speed and q = pu the traffic
flow rate as functions in space, x and time instant ¢, the modified single-lane GKT model, in
its conservation law form with source terms (without on/off-ramps) is given as,

op  a(pw) _
actox (5.9)
d Ap(u?+6 v (p) —
(gtu) 4 [p(zg x+ ] _ p( (pT) u) [1—pF(P)] + PVace = (5.10)
a dlp(u® +6 Vi (p) — oyt _
(5:) N [p(zt9 . )] _ ( (pT) u) [1 - pF(p)] + pF(p) (’”‘T_*p”), (5.11)
where the Fermi function is given as

1 — Pacc

F(p) = > [1 + tanh (p AZ )] (5.12)

and the desired constant time gap T* of the ACC vehicle is imposed through its corresponding
influence on a desired density p*, given as

1
e e—_—, 5.13

where the denominator reflects the desired space headway, with 1/p;,;4, being the vehicle’s
length and u* = u(x*) being the velocity of the preceding vehicle, computed at “interaction”
position

X=x+ vy 1/ pmax +Tw), vy €[1,2]. (5.14)

For penetration rate of the ACC-equipped vehicles p = 0, the original GKT model results
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For penetration rate of the ACC-equipped vehicles p = 1, the modified model becomes

a(pw)  Apw®+6)] (pV' —pu put — pu
_ _ i st 5.16
Pl 2 (B 11 - Feon + F o) (). (5.16)
The additional source term
(p*u* - pu) (5.17)
T*

smoothly [due to F(p)] replaces the original GKT source term

(pl/;* - pu> (5.18)
T
for p > pgcc- As a result, for densities below p,.., the additional term has no influence, and
the ACC-equipped vehicles tend to reach the maximum desired speeds set by their drivers,
similarly to the manual manner. However, for p > p,.. the original source term is smoothly
deactivated and the ACC vehicles turn into the gap control mode, trying to reach a pre-
specified constant time gap T* (indirectly, through p*) and the speed of the preceding vehicle
u* = u(x*), within a relaxation time 7*.

The proposed modification was based on rational thinking rather on formal
mathematical derivation, in order to fulfill the ACC/CACC control objectives described by
Shladover et al., 2012 and the Constant Time Headway (CTH) policy (Zhou & Peng, 2005). It
provides the major advantage that the only modification to the original GKT model is in the
source term of the momentum equation, without changing the corresponding LHS. This
results in a very easy numerical implementation of the corresponding modification.
Additionally, the ACC penetration rate is easily and explicitly defined.

The corresponding ACC model proposed by Ngoduy, 2012¢c, is also based on the
original GKT model; however, its derivation is purely analytic, based on the method of
moments (see Appendix B, where a detailed derivation is included). For the case of a 100%
penetration rate of ACC-equipped vehicles, the model’s equations are:

dp d(pu)
- = 5.19
Jt + 0x 0, ( )

(5.20)
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where t* denotes the relaxation time of the ACC vehicle. From the equation above it is clear
that the contribution of the ACC vehicles lies in the convection term, which consequently
results in the propagation of the shock waves (Ngoduy, 2012c). According to this model, the
impact of ACC vehicles on the wave propagation is indicated through 7*, which has as result
that the waves propagate faster upstream and slower downstream in free-flow traffic
conditions. It was experimentally shown that the impact of ACC vehicles on traffic dynamics
becomes insignificant when 7* > 7.
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A major difference of the model of Ngoduy, 2012c, compared to the examined one
(Delis et al., 2015a; Nikolos et al., 2015) is the fact that the ACC additional term is in the LHS
of the momentum equation, which requires more significant modifications to the original GKT
model for its numerical discretization.

Another difference between the two models is that the desired ACC time gap is not
explicitly defined within the momentum equation in the model of Ngoduy, 2012c. Moreover,
the additional term is active in the whole density regime (congested and uncongested traffic
flow), which is not compatible with the objectives of the ACC systems (Shladover et al., 2012).

A more thorough comparison between the two models should involve numerical
experiments in common test-cases. This requires the programming of the model proposed by
Ngoduy, 2012¢c, which is beyond the scope of this thesis and remains as a topic for future
work.
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Chapter 6: Macroscopic Traffic Flow
Stability Analysis for Adaptive and
Cooperative Adaptive Cruise Control
Systems

6.1 Introduction

In recent years, many efforts have been made aiming to investigate the formation and
diffusion of traffic flow instabilities; it is well known that even small perturbations resulting
from the response of drivers to a stimulus, can lead to the formation of traffic jams. In many
occasions, these emergent traffic jams could present a serious problem rather than just a small
inconvenience, deteriorating the overall traffic performance, increasing fuel consumption, as
well as leading to severe infrastructure underutilization. Moreover, such traffic jams are
usually associated with traffic flow instabilities, including stop-and-go waves, which, under
congested states, can grow and travel against traffic direction. In general, the application of
new technologies in the field of VACS, such as ACC and CACC systems, can provide
additional tools for the remedy of the aforementioned traffic flow problems, reducing the
adverse impacts of traffic flow instabilities through the selection of suitable operating
parameters. To this end, in this chapter both linear and nonlinear stability analysis is
performed, in order to derive the stability threshold(s) of the recently developed second-order
macroscopic traffic flow model that is able to simulate the effects in traffic flow when ACC
and CACC vehicles are present; the adopted macroscopic model is based on the GKT model
(see Chapter 5). Thus, the influence of the equipped vehicles on the traffic flow stabilization
is considered with respect to both small and large perturbations around the equilibrium state.

More specifically, traffic flow perturbation phenomena, such as abrupt decelerations
of vehicles, bottlenecks, rear-end collisions, or non-uniformity of the flow entering a highway
from an on-ramp, are likely to develop into stop-and-go waves traveling upstream, or even
traffic jams, under certain traffic flow conditions; thus, resulting in a reduction of traffic
efficiency and negative influence on total travel time, energy consumption, and traffic
accidents. Consequently, it is of significant importance to evaluate the capability of ACC- and
CACC-equipped vehicles to reduce potential traffic instability, and identify their crucial
parameters that result to a stable or unstable response after the introduction of a disturbance
to the traffic flow.

Various researchers have demonstrated that such cooperative systems can improve
the traffic flow stability (Hasebe et al., 2003; Davis, 2004; van Arem et al., 2006; Naus et al.,
2010), while others appear more conservative regarding their stabilization effects (Marsden et
al., 2001). In the former case also belongs the study of an ACC CTH policy in the work by
Zhou & Peng, 2005, concluding that ACC systems are required to ensure string or traffic flow
stability, otherwise the traffic safety and congestion would be deteriorated instead of
improving,.

Scientists have been particularly interested in understanding the occurrence of traffic
flow instabilities since the ‘50s (see, e.g., Herman et al., 1959), as it is considered to be one of
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the fundamental problems in traffic theory. Indeed, much work has been devoted to the
application of both linear and nonlinear stability methods in order to derive stability criteria,
using either microscopic models (Herman et al., 1959; Wilson et al., 2004; Treiber et al., 2006;
Kesting & Treiber, 2008; Yu et al., 2008; Li et al., 2009, 2013; Tian et al., 2011; Treiber & Kesting,
2011, 2013; Peng et al., 2012; Tang et al., 2012; Zheng et al., 2012; Ngoduy, 2013c) or macroscopic
ones (Wilson et al., 2004; Gupta & Katiyar, 2005, 2006; Tampere et al., 2005; Zhang & Wong,
2006; Tang et al., 2008, 2011; Helbing & Johansson, 2009; Ngoduy & Tampere, 2009; Zhang et
al., 2009; Tian et al., 2011; Ngoduy, 2012b, 2014; Treiber & Kesting, 2013; Gupta & Dhiman,
2014). At this point, it is necessary to provide a clear distinction on the definition of stability
analysis between microscopic and macroscopic traffic flow models. Stability analysis in a
macroscopic level is referred to as flow stability, describing the way aggregated density and
speed evolve, depending on variations in traffic flow caused by speed or density
perturbations. On the other hand, the stability analysis obtained at a vehicle level is called
string stability of a platoon of vehicles, referring to the way the perturbations from the
deceleration of the leading vehicles are propagated upstream against the traffic flow (Swaroop
& Rajagopal, 1999; Treiber & Kesting, 2013). For a more detailed review of the overall
classification of traffic flow models with the corresponding stability method for each class, we
refer to the work by Treiber & Kesting, 2013.

Although much work of microscopic approaches for analyzing linear or nonlinear
instabilities of traffic flow has been reported, in order to evaluate the impact of the penetration
of ACC and CACC systems on traffic dynamics (see, for instance, Ioannou & Chien, 1993;
Swaroop et al., 1994; Swaroop & Hedrick, 1996; Liang & Peng, 1999; 2000; Treiber & Helbing,
2001; Bareket et al., 2003), corresponding approaches pertaining to macroscopic or gas-kinetic
traffic flow models are relatively rare. Swaroop & Rajagopal, 1999 first studied the traffic flow
stability under an ACC spacing policy, using an aggregated macroscopic traffic flow model
for an open stretch highway with entries and exits. Using a linearized stability analysis they
concluded that the traffic flow equilibrium state was marginally stable, but traffic flow was
unstable when using spatially discretized stability analysis for a CTH policy. It should be
stressed, however, that the findings appear to contradict those reported in the work by Li &
Shrivastava, 2002, where the traffic flow stability on a circular highway with no entries and
exits was studied, concluding that the traffic flow induced by the CTH policy is stable.

Further, a framework to study traffic flow propagation stability using a generalized
macroscopic model for vehicles controlled by ACC policies was presented by Yi & Horowitz,
2006. The nonlinear stability condition was derived using a wavefront expansion method,
resulting in necessary and mandatory conditions to predict the traffic flow stability under
ACC systems and having the ability to be used for the design and validation of ACC systems
with different spacing policies as well.

A linear stability analysis was also used by Ngoduy, 2012c, showing analytically that
the proposed approach of ACC systems, based on an extension of the multiclass gas-kinetic
theory, stabilizes the traffic flow with respect to small perturbations. The numerical
simulation results in a circular homogeneous freeway were supported by the analytical
results. The same linear stability method was implemented in recent works regarding the
platoon-based driving behavior (Ngoduy, 2013a) and the multi-anticipative driving behavior
(Ngoduy & Wilson, 2014); based on the linear stability diagrams, the developed models
enhance the stabilization of traffic flow with respect to a small perturbation. Finally, stability
diagrams were constructed from the developed macroscopic model for CACC traffic flow
dynamics by Ngoduy, 2013b, based on both linear and non-linear stability methods for a
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certain model parameter set. The numerical results indicated that the CACC vehicles enhance
the stabilization of traffic flow with respect to both small and large perturbations, compared
to the ACC vehicles.

The outline of this chapter is as follows. In Section 6.2, using both the linear (6.2.1) and
nonlinear (6.2.2) methods, we derive analytically the influencing conditions to the stability of
traffic flow based on the developed model. Section 6.3 presents a numerical study to support
qualitatively the analytical findings.

6.2 Stability Analysis for ACC and CACC Systems

Inherently, the stability analysis concerns the study of solutions and trajectories of a dynamic
system with respect to smaller or larger introduced perturbations in the homogeneous flow,
which are primarily responsible for the deterioration of traffic flow stability. Regarding traffic
flow theory, drivers’ response under hazardous driving conditions, such as an abrupt or
sudden deceleration/acceleration, results in the formation of perturbations that, in congested
traffic flow, can grow and eventually give rise to “phantom traffic jams”, propagating
against the direction of the vehicle flow. Thus, it is of high importance to derive the specific
instability conditions under which emergent waves are expected to occur even in case of small
introduced perturbations (Treiber & Kesting, 2013).

Towards this direction, this section aims to investigate the qualitative properties and
the influences of the macroscopic characteristics of ACC and CACC vehicles exhibited by the
developed model, as presented in Chapter 5, on traffic flow stability. To this end, a proper
stability threshold is derived based on linear and nonlinear stability analyses, in reference to
small and large perturbations, respectively. At this point it is important to highlight the
difference between small and large perturbations in the stability analysis of traffic flow
systems. Mathematically, dynamics of small perturbations can be approximately
characterized by linear differential equations around an equilibrium point using Taylor series
expansion. However, the outcome of such linear approximations is that, even if the traffic
system is linearly stable, it might actually still be nonlinearly unstable with respect to large
perturbations; small perturbations can be eradicated or delimited with the course of time but
large ones may be amplified generating persistent traffic waves. Hence, the linear stability
method is valid only in cases of small perturbations, since the higher order terms in this
technique are neglected. Indeed, as pointed out by Whitham, 1974, in cases where the
amplitude of the perturbations is considerably large (caused, e.g., by hard braking maneuvers
or reckless lane changes), the aforementioned linear stability approach is likely to result in
incorrect outcomes. Therefore, there has been a need to adopt alternative nonlinear methods
to derive the stability conditions, under which a large perturbation travels against the traffic
flow, such as the wavefront expansion method that is also followed in this thesis (Yi et al.,
2003). At this point, it should be highlighted that both linear and nonlinear stability methods
can complementary provide a valuable insight into the general behavior of the model in the
presence of ACC or CACC vehicles and its numerical solution (Swaroop & Rajagopal, 1999;
Ngoduy, 2012c, 2013b).
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6.2.1 Linear Stability Analysis for ACC and CACC Systems

Let’s start with finding the unstable traffic regions by the linear stability analysis of the
presented model, taking primarily into account the case where only ACC vehicles are present
in the flow, i.e. p =1 (100% penetration rate) in equation (5.2). In order to simplify the
analysis, it is assumed that the flow is congested (thus the value of F(p) — 1 in equation (5.6)
and only the ACC-term is activated in the source term of equation (6.2)). Accordingly,
equations (5.1) and (5.2) are transformed in the following form:

9:(p) +udx(p) + pdr(w) =0, (6.1)
1 1/p"u" —pu
) + 0, () + (9, (P)3x(0) + 0, (P2 (w)) =~ (), (62)
where P = 8p, while the shortened notations for partial derivatives are defined as
a()
0,() = 2= (6.3)

da ’

The whole procedure begins supposing that the stationary and spatially homogeneous
(i.e. time- and location-independent) solution vector of the system of partial differential
equations (6.1) and (6.2) is the constant density p, and velocity u, (Helbing & Johansson, 2009;
Treiber & Kesting, 2013). Thus, in this initial equilibrium state of homogenous flow all vehicles
have equal speed, constant spacing and zero acceleration. Subsequently, small deviations are
considered around this solution pair p, and u,, represented by 5p(x,t) and édu(x,t), which
result in

op(x,t) = p(x,t) —py and du(x,t) =ulx,t) —ug. (6.4)

The dominant essence of the traffic flow stability analysis is to find the threshold under
which the magnitude of the perturbations 6p(x, t) and du(x, t) decreases, in order to gradually
restore the equilibrium state.

Next, by setting p(x,t) = pg + 6p(x,t) and u(x,t) = ug + du(x, t) into the reformed
continuity equation (6.1), and performing linear Taylor approximations, where is necessary,
and dropping all nonlinear terms because of the assumption of small perturbations
Op(x,t)/po K 1 and du(x,t)/uy < 1, the following linearized equation is derived

0:(8p) + oD, (8p) + o (Bu) = 0. (6.5)

In the same way, and noticing that p*u* is independent of p, the linearized equation
for the momentum dynamics equation (6.2), describing the behavior of ACC vehicles,
becomes

d:(6u) + ug0,(6u) +pl 0, (P)0x(8u) + 9, (P)0,(6p) — T—l*au(p*u*)(Su] + i—l*l =0. (6.6)
0

In principle, the stability analysis highly depends on the form of the perturbed initial
conditions, which is essential to be defined in a way that the linear approach is as general as
possible. Indeed, any conventional functional form is possible to be implemented for the
perturbations of the initial uniform state. However, any periodic function can be written as a
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discrete sum (or integral in cases of non-periodic functions) of sine and cosine functions. If the
model is stable with respect to any function of sines or cosines, it will be stable for any linear
combination of these functions as well. Therefore, proving the stability conditions of the
model in relation to sine or cosine perturbations, also proves the general stability conditions
to any functional form of the perturbations (Helbing & Johansson, 2009). Accordingly, it is
considered that the corresponding functions of the deviations are determined as shown
below:

Sp(x,t) = Spgerttiox, (6.7)

Su(x,t) = Sugert+iox (6.8)

in which the wave frequency 14 and the wave number w are complex numbers: 4, w € C, i
denotes the imaginary unit, and §p, and du, are constants.

The remainder of the linear stability analysis concentrates on finding the conditions so
that two restrictions are met (Helbing & Johansson, 2009; Treiber & Kesting, 2013):

I.  The deviation pair dp(x, t) and du(x, t) is a solution of equations (6.1) and (6.2)
and

II.  This solution is stable, which means that the amplitude of the perturbation
should diminish with time; the latter is true if the real part of 4 is strictly
negative.

In order to satisfy the former condition we substitute the definitions for the

perturbations §p(x, t) and du(x, t) (equations (6.7) and (6.8)) are substituted in the linearized
equations (6.5) and (6.6), which yields the following linear system (which can be considered

as an eigenvalue problem)
(l1 — a1 Qg ) (5P0> _ (0)
asq A— [25Y) (SU() 0 (69)

J

using the following abbreviations

a1 = _i(l)uO (6.10)
Ay = l(l)po (6.11)
1
a21 = l(l)_ap(P) (612)
Po
= 1o ) )+ ——a, Uy — 6.13
Q2 = ~lW| Ug 0o ¥ pOT*uPu - (6.13)

These eigenvalues of A result by solving the characteristic polynomial of second order
in A, which is obtained by determining the determinant of the matrix 7, and requiring that it
becomes equal to zero. So, the corresponding characteristic polynomial is given as

det(:]) = 0 (=4 AZ - (a11 + azz)/‘{ + (a11a22 - a12a21) = 0 y (6.14)
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which results in

Al = 05 (a11 + azz + \/(all - azz)z + 4‘a12a21) (6.15)

and

A, =05 (an +a,, — \/(aljL —ay,)?% + 4a12a21) : (6.16)

Condition 1T is strictly fulfilled if the real part of 15, 4, is strictly negative, i.e. Re(1;,) <
0. Thus,

1 0bu) 1 1<1 196 u)) 6.17)

R + = _= —— —
e(a11 + az) PoT* Ou T* T* po Ou

Under the assumption of small perturbations around the initial state, it can be written
that

1o(w) 100w 1 Pmax
po Ou po Ou  po(1+T*ppaxw)?’

(6.18)

which for py € [pcr) Pmax] takes values always less than one. Thus, the value of Re(a;1 + a,;)
is always negative.

Owing to the fact that the square root of equations (6.15) and (6.16) contains a complex
number the following useful formula is applied for separating the real part R and imaginary
part I for a complex number z = R + il (which is described in detail in the Appendix A):

M=\/0.5( R2+12+R)ii\/0.5(\/R2+12—R). (6.19)

By applying (6.18) to the square root terms of 1, ,, eventually results in

Re (\/(an —a)* + 4a12a21) = J0.5( R% +1? + R) , (6.20)
where now
1 1 ’ 2
R=—(1-=0,00u")) —[20,(P)] - 4w?a,(P) 6.21)
T Po Po
and
1225 @ (1-La,mu (6.22)
=— —-— u*) . ,
pOT* u Do ulp

Thus, from equations (6.17) and (6.20), and simultaneously taking into account that a
change from stable to unstable behavior, i.e. the transition from negative to positive values of
Re(2,,,) occurs only for eigenvalue 1;, the inequality Re(1;) < 0 results in:

1
e dy(p*u*) = < —\/0.5( RZ+12 +R) &

1 1\°
- ¥y — 2 2
(po_[*au(pu) T*) >05(VRZ+12+R) &

(6.23)
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2( .
PoT*

1 ¥ % 1 ‘ 2 2 z
4(m6u(pu)—g> >( R4 +1 +R) =

* *

1 2
T*) >(VRZ+12+R) &

4 2

1 . 1 1 . 1 )
4(p0T*6u(pu)—;) _4(p0‘r* » u)—;) R>I‘e
1 1 . ?
5p(P)(;—mau(Pu)> >0

Using equation (6.18), the following inequality is conducted

2
1\? 1
i (_) (1 ) _cﬂ) oo (6.24)
Po
_ —_  Pmax
where B = 9,(P), A = (14T praxw)?

From the last inequality, provided that the term B = d,,(P) is positive (which is true in
our case, where the pressure term P is modelled as P = pA(p)u?), the stability condition for
linear stability is always fulfilled. As a special case, the stability threshold is derived for

pmax

B 1+ T*pmaxu)z

-1+ /przax (6'25)

oS T =
pmaxu

The possible values of T* € [Tpin, Tmax]- From equation (6.25), arises:

_ Pmax
T (6.26)

U=—
T* pmax

Following an analogous derivation method, and taking into consideration the case of
having only CACC-equipped vehicles (see Chapter 5), the linear stability conditions for
equations (5.1) and (5.2) are obtained as:

2

pmax
9, (P) <Z— —zp(ﬂ CES T ) >0. (6.27)

l

The term in the left-hand-side of equation (6.27) can be written as:
2

M M
9 (P) z ( _po (1 +7[")n::;axu)2> = 0P z (1 __Uq)

=1 / =1 (6.28)

1 Vel
~o,m(1-5a) (Y3

i=1

As the third term in equation (6.28) is always positive, the stability threshold results in
this case in the same way as for the previous ACC analysis (equations (6.25) and (6.26)).
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6.2.2 Nonlinear Stability Analysis for ACC and CACC Systems

Since the linear stability analysis of the ACC/CACC system presented in Section 6.2.1 is only
valid when the magnitude of perturbations is small, as for the linear approximation to be
valid, in this Section the nonlinear stability analysis follows. The propagation stability
conditions for the developed ACC and CACC traffic flow model are derived using a
wavefront expansion method with respect to large perturbations around an equilibrium
traffic state. In principle, if a perturbation begins at a certain location x, in a homogenous
equilibrium state (i.e. uniform flow) (py,u,), the wavefront is the propagation curve of the
perturbation inside this homogenous flow. If the perturbation maintains its initial modulation
magnitude during propagation, the traffic flow is considered to be nonlinearly stable. In
contrast, if the perturbation travels upstream with increasing amplitude, traffic will become
gradually unstable, forming for example shock waves or stop-and-go waves; the wavefront
in a traffic system can be considered as a separation curve between disturbed and undisturbed
flow regions (Yi et al., 2003).

In what follows, the wavefront expansion method is adopted in order to find the
unstable traffic regions of traffic flow via model equations (5.1) and (5.2), which incorporate
the modelling of ACC and CACC vehicles (see Chapter 5). First of all, only the case of ACC-
equipped vehicles is taken into account, while the same procedure will be expanded
subsequently to the case of CACC-equipped vehicles. Hence, equations (5.1) and (5.2) are
considered in their simplified form, presented in equations (6.1) and (6.2).

To derive the influencing conditions to traffic flow stability under a large perturbation,
the macroscopic traffic flow variables, p(x, t) and u(x, t), need to be expanded, as well as their
time and space partial derivatives, around the wavefront, as a power series of a small
deviation

E=x—-X(), (6.29)

with X (t) being the location of the wavefront at time instant ¢, and

, dx
X)) = ar = Yo +uc, (6.30)

where u, denotes the relative characteristic speed, which will be defined later. Thus, using
equation (6.29), the aforementioned flow variables p and u are expanded downstream the
wavefront in a power series of ¢ as

PG 1) = po + E0,(p () + 3 E0un (1)) + (631
UGt 1) =y + E0, (D) + 5 £ (D)) + (632
9:(p) = =X (O0(p(0) + Epu(D) + € (~K DD () + 5 €10 (0) + - (6:33)
0:0) = ~X(O0,(u(0)) + £itx(0) + § (~XODu(u(0)) 432y 4+ (639)
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1
ax(p) = ax(p(t)) + Eaxx(p(t)) + Efzaxxx(p(t)) + - (6'35)

O, (u) = ax(u(t)) + faxx(u(t)) + %Ezaxxx(u(t)) + -y (6.36)

where the abbreviations for derivatives are defined as

5o (6) = d(axg;(t)))' (D) = d(axf;(t)))’
b () = d(axxéf(t)))’ 1 (6) = d(axxf:(t)))’

0x(p(1)) = g—i cor Ox(u(®) = Z_Z o (6.37)
o) =22 " Oruu(®) = 28 .
() = 21 o Do) = 2 .

Correspondingly, the derivatives of traffic pressure in relation to the local density and
speed are expressed as

ap (P) = ap(PO) + f[app(PO)ax(p(t)) + apu(PO)ax(u(t))] + - (638)

au(P) = au(PO) + f[aup(PO)ax(p(t)) + auu(PO)ax(u(t))] + - (6'39)

Similarly, the desired density p*and speed u* in the ACC model at the relative position
(with respect to the front) (x* — X) = (d* + §), with d* = x* — x, are expanded as

1
p*=po+ (@ +(p(®) +35(d" + )0 (p(®)
1
= po + (4" + 93(p(0) + 5 ((d)? + §2 + 24" (p(1)) (6.40)
= po +§0:(p(®) + " (3:(p(®)) + 05 (p(1)) ) + -

and similarly

' =g + §0,(u(®)) + 4" (9,(w(®)) + £, (u(®))) + -+ (6.41)
where Py = P(py, up). Further, the following abbreviations have been used
=21 hpP) =2
Plxne 9% 5o
=] duP) =2 o
ou X(t),t ou X(0),t
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a%pP 0%P

Oup(Py) =
6 ou X(t)t 6 Jdu X(t)t

0pu(Po) =

Thereafter, substituting equations (6.31)-(6.36) and (6.38)-(6.41) into the system
equations (6.1) and (6.2), and neglecting terms including £é2and (d*)?, two sets of equations
are obtained, one for the original position (£°) (for &€ = 0) and one for the disturbed position
(&1), taking also into account equation (6.30). Thus, conservation equation (6.1) provides the
following expressions:

fo 0 —0x(P)uc + p0y(u) =0, (6'43)

El Py — Oxx (U + 20, (p) 0y (W) + poOxx(u) = 0. (6'44)

Similarly, for the momentum dynamics equation (5.2), the following expressions are
obtained (using also equations (6.43) and (6.44)):

*

1 /d
£ 00,0 + - (3,(P02(0) + (P2 W) = o (%) (o) +10e)) (645

fl Py — UOgy (W) + (ax(u))z - ucaxp—@ax(u)
0

1 1 2
+— ap(PO)axx(p) +— pp(PO)(a (p)) +— pu(PO)a (p)a (u)
Po Po Po

1 (6.46)
+—0 (PO)axx(u) + uu(PO)(a (u))
Po Po
dr 1
- (%) ( ) + 0 (P10 (1) + -t xx(p))
Equation (6.43) leads to
0,(p) =202 (6.47)

(o

Thus, by substituting equation (6.47) into equation (6.45), the following relation for the
characteristic velocities u, is derived,

02— <p_10 9, (Py) — (‘Ti—)) e + (f—) o — ,(Py) = 0, (6.48)

which gives

U, =%<— 3, (Py) — (d*)> + (Zp 3, (P )_l<d_:>>2 +6p(P0)—(g)u0. (6.49)

In general, in free-flow traffic condition, related to low traffic demand, disturbances
propagate downstream with positive characteristic velocity u., . In contrast, under congested

flow conditions they travel upstream, with negative characteristic velocity u._. However, as
pointed out by Yi et al., 2003, the positive characteristic velocity u., will decay to zero very
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quickly in the course of time without having a particularly relevant role. Therefore, in the
remainder of the nonlinear stability analysis, the branch corresponding to the perturbation
moving downstream is neglected, concentrating only on the upstream propagation with
characteristic velocity u,_.

Subsequently, the second-order partial derivatives d,,(p) and 0y, (u) in equations
(6.44) and (6.46) can be eliminated. This is feasible by multiplying expressions (6.44) and (6.46)

with the terms {—u,_} and {pi ((i—) Uy — 0p (PO))}, respectively, and using properly equation
0

(6.48), whereby the resulting equations are added to one another. Consequently, after some
algebraic manipulation, we obtain the reduced equation

Uy + ad, (1) + B(8,(w))* = 0, (6.50)
in which
a=0,
(6.51)
(uc—)z

Zap(PO) + poapp(PO) + 2uc_apu(PO) +

ar d*
o 0 (Py) — 2ug [T—*] — 2U;_ [F]
B=

(e )" + 0, (Po) — o [ 5]

The solution of equation (6.50) is given as

0, (u(0))
O (u(@)Bt+1’

where 0, (u(0)) is the initial condition for d, (u(t)). From equation (6.52), the trend of 9, (u(t))
can be determined using the derivative

d(0, () _ (0. (0))’
dt (3 (w(0))pt +1)*

According to equation (6.52), if the denominator tends to zero, then 9, (u(t)) tends to

0 (u(t)) =

(6.52)

(6.53)

infinity and traffic becomes nonlinearly unstable. More precisely, this can happen when
0y (u(O))ﬁt +1=0orwhent =—1/(9,u(0)f). As t is always positive, for the satisfaction of
the previous condition, d,(u(0))B < 0 should be applied. Thus, for the unstable regions, the
solution must satisfy the following two restrictions: {ax (u(O)) <0andp > 0} or {ax (u(O)) >
Oand B < 0}. However, for most second-order models, f > 0 (Yiet al., 2003; Ngoduy, 2013b);
thus it is expected that unstable regions emerge when 9, (u(0)) < 0.

Similarly, following the aforementioned derivation nonlinear stability method
including the contribution of CACC elements, the reduced equation is given as:

Uy + ade(w) + B(3, (W)’ =0, (6.54)
where

a=0,
(6.55)
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(uc_) u a’
26p(PO) + pOapp(PO) + Zuc_apu(PO) + Po uu(PO) 2uo Zl 1 F Zuc Zl 1 *
B = ; 8
d
(uC ) +6(PO) uOZL 1.[

6.3 Numerical Study for Nonlinear Stability Analysis of ACC Systems

In this section, we investigate numerically the findings of the theoretical analysis,
assuming the traffic flow inside a single-lane ring road of circumference L = 10 km; periodic
boundary conditions were implemented at the boundaries of the discretized section. The
second order model is numerically approximated by an accurate and robust high-resolution
finite volume relaxation scheme, where the nonlinear system of partial differential equations
is first recast to a diagonalizable semi-linear system and is then discretized by a higher-order
WENO scheme (Delis et al., 2014, 2015a).

We consider an initial perturbation of the average density, as it is depicted in Figure
6.1, given as

)]+ Ap% [1+ tanh (Z Zxxz)] , (6.56)

where p = 45 veh/km, 4p =5 veh/km, 4x = 400 m, x; = 4000 m, and x, = 7000 m. The
resulting velocity perturbation is also presented in Figure 6.1. The initial perturbation was

p=p—Ap= [1+tanh(

selected in order to produce the condition d, (u(O)) <0.

50 i T T T 50

45

o

401

35 . . . . 30 . . . .
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000

x (i) z(m)

FIGURE 6.1: The initial perturbation in p (left) and u (right), applied for the numerical example.

The ring was discretized with npts = 400 grid points, while the model parameters
used in the simulation of the GKT model were w5, = 110 km/h, p;q,, = 160 veh/km, p., =
0.27pmax, T=35s, Ag = 0.008, 4 = 0.02, §p = 0.05p4x, T = 1.8 s, y = 1.2. Simulations are
reported up to 1200 s. First the manual flow was simulated (by setting p = 0 in equation (5.2)).

The simulation results for manual cars are presented in Figures 6.2 and 6.3 for density
and velocity, respectively; a cascade of stop-and-go waves emerges from the perturbation in
the initial condition.

The corresponding simulation results for ACC traffic (by setting p = 1 in equation
(5.2)) are presented in Figures 6.4 and 6.5, for density and velocity evolution respectively. The
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same initial perturbation was used as for the flow with manual vehicles. All cars are supposed
to be equipped with the same type of ACC, with the same parameters; the time gap was set
equaltoT* = 1s, while pgcc = 0.9p,,, ¥* = 1and 7" = 0.5 s. As it can be observed, the original
cascade of stop-and-go waves (produced in the manual traffic) has been eliminated; however,
a series of growing instabilities emerges from the region where 9,(u(0)) < 0 in the initial
condition. This observation is compatible with the findings of the theoretical investigation.

25 30 35 40 45 50

1200
1000

2000

4000
6000

(i) 8000 20

10000 O
FIGURE 6.2: Density evolution for manually driven cars.
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FIGURE 6.4: Density evolution for ACC traffic.
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FIGURE 6.5: Velocity evolution for ACC traffic.
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Chapter 7: Conclusions and Future
Work

This final chapter summarizes the findings and results of this thesis. In particular, Section 7.1
gives a summary of the study and highlights the main results and contributions of the thesis,
while Section 7.2 indicates future research aspects that could be considered to extend the
investigation results.

7.1 Concluding remarks

In the last few decades, traffic flow theory, modelling, and simulation have gained
considerable attention since overall traffic demand has increased and more data as well as
easy access to computing power has become available. Moreover, this growing interest to
traffic flow modelling stems also from the need for reliable traffic management, so as to
optimize traffic efficiency and safety under various traffic flow conditions. One of the main
issues, regarding traffic flow models, is their level of proximity to reality and its
representation. Hence, to ensure the validity of any model in performing real-world
simulations and provide results that are reliable, the application of calibration and validation
processes is deemed mandatory.

Concurrently, traffic congestion originating from off-ramp areas is a particular, but
quite frequent case of (recurrent) congestion, which is appearing usually at urban or peri-
urban freeways during the peak periods and is difficult to deal with. Moreover, within the
traffic flow modelling literature there are, so far, no studies undertaking validation of second-
order traffic flow models regarding the reproduction of traffic conditions at congested
freeway on/off-ramp areas. The emergence of traffic flow models that are able to reproduce
such cases with satisfactory accuracy is deemed important as it may trigger the development
of innovative traffic control strategies that face this particular type of freeway congestion. This
gap in the literature was addressed within this thesis, which focuses on the validation of traffic
flow modelling for congested freeway off-ramp areas.

In addition, the frequent occurrence of perturbations in traffic flow, such as sudden
deceleration of vehicles, or the non-uniformity of the flow entering a highway from an on-
ramp, is likely to develop into stop-and-go waves traveling upstream, or traffic jams when the
amplitude of perturbations is large enough, resulting in considerable time-delays, increased
fuel consumption and air pollution, as well as a serious under-utilization of the available
infrastructure. Consequently, traffic flow stability analysis is considered to be one of the
fundamental problems in traffic theory, and scientists have been particularly interested in
understanding the formation and evolution of such traffic flow instabilities since the early
days of traffic engineering. Recent developments in the field of ITS and VACS, such as ACC
and CACC systems, besides their contribution in safety and convenience of the passengers, is
believed to be a potential remedy to the aforementioned traffic flow problems, and be capable
of reducing the effects of traffic flow instabilities with the appropriate selection of their
operation parameters. This advanced feature, in conjunction with the expected extensive use
of such systems in the near future, can provide additional tools for the mitigation of the
rapidly growing problem of traffic congestion. Towards this direction, this thesis attempts to
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perform both a linear and a nonlinear stability analysis of a recently developed second order
macroscopic traffic flow model able to simulate the flow of ACC/CACC-equipped vehicles,
and identify the ways that ACC and CACC systems influence the stability of traffic flow, in
relation with both small and large traffic disturbances around the equilibrium state.

In particular, in the first part of the thesis (Chapter 3 — Chapter 4), a parallel,
synchronous and asynchronous, metamodel-assisted DE algorithm was employed for the
automated calibration of the parameters of a second-order GKT traffic flow model (along with
its multi-lane extension), in order to evaluate the representation of traffic conditions at
congested freeway on/off-ramp areas. The model was first calibrated using real traffic data
from two different motorway networks; a motorway stretch in the U.K., where severe traffic
congestion is created due to high on-ramp flows during the morning peak periods, and a
freeway stretch in Greece, where recurrent congestion is triggered by a saturated off-ramp
during the morning peak hours. Then the resulted model was validated using different traffic
data sets from the same freeway sites. Finally, this thesis evaluates the implementation of the
proposed DE algorithm for the comparison of the GKT model and the well-known METANET
model, with respect to their accuracy in reproducing real traffic dynamics using data from the
freeway stretch in U.K.

The results demonstrated that the parallel, metamodel-assisted DE algorithm can be
considered as a useful and versatile tool for the calibration of macroscopic traffic flow models
in which the cost function exhibits multi-optimal values. It also has the advantage that it can
be used without the need of tuning its parameters for the problem at hand, while wide bounds
can be used for the unknown vector of parameters without convergence problems. The well-
known computational inefficiency of evolutionary algorithms was successfully addressed in
our implementation with parallel processing and surrogate-model assistance. Moreover, both
the GKT and the METANET model achieved satisfactory reproduction of the network traffic
conditions for the calibration date. Finally, the calibration and validation of both models
indicated that they are both able to reproduce the traffic conditions of the examined networks
also for other dates, while the GKT model achieves a lower cost function value comparing to
the METANET model for the calibration date.

The second part of the thesis (Chapter 5 - Chapter 6) aims to derive the stability
conditions of a recently proposed second-order macroscopic traffic flow model, as to
investigate the effects of the incorporated ACC and CACC characteristics on the stabilization
of traffic flow under small and large perturbations around the equilibrium state, applying
both linear and nonlinear stability analyses. The macroscopic model under investigation has
been derived based on the well-known GKT model, taking into account the impacts of ACC
and CACC equipped vehicles by adding a proper source term in the momentum equation of
the GKT model. This term controls the speed dynamics, contributing to the relaxation term in
the GKT model equations and also takes explicitly into account the major time/space-gap
principle of ACC and by extension CACC systems.

Considering the above, the main contributions and findings of the thesis can be
summarized as follows:

e The numerically approximated second-order GKT model via a high resolution finite
volume relaxation scheme was calibrated by implementing a parallel, synchronous &
asynchronous, metamodel-assisted Differential Evolution (DE) algorithm. The DE
algorithm was also applied for the calibration of the discrete second order METANET
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model. The calibration procedure proved to be problem-free for both macroscopic
models, for single- and multi-lane variants and for all test-cases considered.

e The optimization results showed that the DE algorithm can be considered as a useful,
effective, and versatile tool for the calibration of macroscopic traffic flow models. It
provides the ability to calibrate a large number of parameters, in a fully automated
way, without human interaction, and with wide initial bounds for the parameters’
vector. The large number of evaluations, required by all EAs, was successfully
addressed through parallel processing and ANN surrogate models.

e The asynchronous version of the parallel DE proved to be more time efficient than the
synchronous one, with a steeper convergence rate at the beginning of the procedure.
Both versions provided almost identical optimal solutions.

e Both GKT and METANET macroscopic models showed that they can reproduce
accurately and similarly real traffic dynamics, including congestion. The METANET
model showed a longer congestion time, compared to the GKT one, for the validation
date.

e The qualitative properties of the developed macroscopic model to reflect the effects of
ACC/CACC-equipped vehicles on traffic flow stability were investigated through a
linear stability method, which refers to linear Taylor approximations, used throughout
the analysis. However, the consequence of using such linear approximations is that
even if the traffic system is linearly stable, might actually still display nonlinear
instability with respect to large perturbations. Thus, subsequently, a wavefront
expansion method, with respect to large perturbations, was applied to analytically
derive the stability region of the developed model. The procedure was proved not a
trivial task, however, provided interesting findings: a perturbation in the initial
conditions with d,(u(0)) < 0 leads to growing instabilities.

o The theoretical findings for the ACC model were supported by the simulation results
derived for a numerical test in a single-lane ring road with a perturbation in the initial
conditions of density and speed. The simulation results revealed that a series of
growing instabilities emerges from the region in the initial conditions where the
previous instability criterion is valid.

7.2 Further research

There are various ways to extend the investigations presented in this thesis. Few of
them are listed in the following:

e Investigate how the instability region resulted for the ACC/CACC model can be
alleviated/eliminated with a proper selection of parameters (especially the time gap).
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Perform experimental analysis (for the examined test cases and additional ones) to
study the effect of the use of ACC/CACC equipped vehicles (with various penetration
rates) on the observed congestion and its characteristics.

Perform comparative studies of the examined macroscopic ACC/CACC model with
other macroscopic ones (such as the one proposed by Ngoduy), for specific test cases,
in order to compare their performance and analyze their credibility.

Compare the examined macroscopic ACC/CACC model to microscopic ones, to
evaluate their performance and efficiency.

Extend the proposed combination of the macroscopic model and the calibration

(optimization) algorithm to a software package, with a friendly user interface, to be
used as a tool for traffic Engineers and planners.
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Appendix A

This section describes how to derive equation (6.19) in order to recast the square root of a
complex number. Recalling that complex numbers extend to the two-dimensional space, every
complex number can be written in the following notation:

z=R+il, (A1)

where (R, I) are real numbers in Cartesian coordinates and i is the imaginary unit defined as:
i? = —1. In the former equation R represents the real part of z, written as R = Re(z), while I
the imaginary part, written as I = Im(z).

The square root of a complex number can be easily found using the polar form, thus,
by switching to polar coordinates (7, 8), the nonzero complex number z can be defined as

z =rcos(0) + irsin(0), (A.2)

where 7 cos(8) = Re(z) and rsin(8) = Im(z) the real and the imaginary parts, respectively.
The absolute value or modulus r is given as

r=+R2+12=JR+ iR —il) =zZ = |z|, (A3)
where Z = R — il is the complex conjugate number, whereas the polar angle 6 is determined
by
sin(6) I Im(z)

=——=—=—" A4
tan(6) cos(0) R Re(z) (A4)

Next, using the following Euler’s formula
e!® = cos(0) + i sin() (A.5)

the aforementioned polar form of a complex number can be rewritten into its exponential
form as:

z =r[cos(0) + isin(0)] =re'?. (A.6)

The exponential function can be defined on the complex plane by an infinite series expansion

0] Zn
exp(z) = e? = e (A7)
n=0
Therefore, the relationships for exponential functions are also applied to the case of
complex numbers, getting the useful formulas for the product or quotient of complex
numbers; i.e. the product of two complex numbers z; = Ry + il; = r1e'%1 and z, = R, + il, =

r,e'% is given by

lez = (R1R2 - 1112) + l(Rle + 1112) = rleiglrzeigz = rlrzei(61+92)

A8
=111y cos(01 + 6,) +irr, sin(6, + 6,). (A8)

Since the real and imaginary parts are linearly independent of each other, this yields
that RyR, — 11, = ryry cos(6;, + 8,) and R R, + I, = ry 1, sin(6; + 6,). Moreover, the inverse
of any nonzero complex number is given by
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1 1 e® (A9)
z re® r’ '

where i = V=1 = ei™/2,
In general, the square of complex numbers in the form
z=ret® = r[cos(0) + isin(6)] (A.10)
can be written either as
z? =1%[cos?(8) £ 2i cos(0) sin(0) — sin?(6)] (A.11)

or, using the familiar additive property e*t - e*z = e*1*¥2 of the exponential function, the
alternative representation is given as

z% =1r? (eJ—r"(’)2 = r2e*20 = y2[c0s(20) + i sin(20)]. (A.12)

Thus, comparing the real parts and using the trigonometric identity cos?(6) + sin?(9) = 1, we
find

cos(20) =1 —2sin?(0) =1 — 2[1 — cos?(8)] = 2cos?(8) — 1 (A.13)

from which the following trigonometric types are derived:

cos?(0/2) = %[1 + cos(8)],

(A14)
1
sin?(0/2) = > [1—cos(8)].
Consequently, the square root of a complex number is defined as
Vz = reti®/2 = \[r[cos(0/2) + isin(6/2)]
(A.15)

= \/% [r + rcos(6)] + l\/% [r — rcos(8)] .

Taking into account that R = r cos(8) and I = r sin(0), the following desired equation form is
obtained:

M=j§( R2+12+R)i-i\]%(\/r+12—R). (A.16)
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B.1 Macroscopic Model Development for ACC traffic flow based on
GKT theory

The work reported here contains a detailed derivation of the equations for the macroscopic
traffic flow simulation with ACC traffic dynamics (Ngoduy, 2012c), obtained from the classic
multi-class GKT theory, using the well-known method of moments. It is actually based on the
work of Hoogendoorn & Bovy, 2000, and Ngoduy, 2012c. This derivation was performed in
order to verify the procedure followed in Ngoduy, 2012c, and highlight the details of this
procedure, so as to be able to compare the utilized ACC model (Chapter 5) with that in
Ngoduy, 2012c.

B.1.1 Underlying gas-kinetic model for ACC vehicles

This section introduces the so-called gas-kinetic equations describing multiple user-class
traffic operations (Hoogendoorn & Bovy, 2000) and its extension to mixed traffic flow of
manual and ACC vehicles. In general, the gas-kinetic model describes the behavior
characteristics of group of vehicles, determined by their location, x, (space), current speed, v,
and desired speed, v°, at a particular instant in time, ¢, (phase). Let us first denote the class
specific phase-space density p,(x,t,v, v?), hereafter p, for short, which represents the
expected number of vehicles class u on (x, t) driving with speed v while having desired speed
v° per unit roadway length. In what follows, u = 1 indicates the manual vehicle while u = 2
indicates the ACC vehicle. Let ¥, (v, v°) denotes the joint probability function of the current
speed and the desired speed of vehicle class u. By definition, p,, = ¥, 1, with r,, = nr,(x,t),
being the class specific density at location x and time t. The multi-class gas-kinetic theory of
Hoogendoorn & Bovy, 2000, describes the changes of the class specific phase-space density p;,
due to the continuum process and non-continuum process. In particular, the continuum
process produces smooth changes of p,, due to inflow and outflow in the phase-space
consisting of vector F = (x,v,v°), while the non-continuum process reflects non-smooth
changes of p, caused by the interaction between and within vehicle classes. The generalized
governing gas-kinetic equation for multi-class traffic flow is defined as (Hoogendoorn &
Bovy, 2000; Ngoduy, 2012c):

Py dF dpu\ ™
ot +V<p”dt>_ (at) ’ (B.1)

continuum non-continuum

where V is the so-called Nabla operator defined by:

|7=(a o a). (B2)

ax’ av’ v
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Assuming that drivers do not change their desired speed during their trip, the first and the

third term of & in equation (B.1) becomes:
dt

dx dv®
— — B-3
I v, I 0. (B.3)

While the second term % is actually the acceleration/deceleration law and is determined for

v0—v

manual vehicles as % = , while for ACC vehicles is specified as (Davis, 2004):

Tu

dv_vo—v_l_ ( )
a1, LWZ_”, (B.4)
1

In the above equation, 7, is the relaxation time of the vehicle towards the desired speed and
K is the coefficient of the ACC system in response to the speed difference with the leader. Term
(1) represents the relaxation of the vehicle towards the desired speed, while term (2) reflects
the relaxation of the ACC vehicle towards the speed of the leader w. Based on the space-
headway policy, the speeds of the ACC vehicle and its leader are related to each other as: w =
v(x + 4Ax,t), where Ax is the space headway between two consecutive vehicles.

. . . . apy Mt
In the non-continuum process (vehicular interaction), the term (%) reflects the

interactions among vehicle classes or within a vehicle class (Treiber et al., 1999; Hoogendoorn
& Bovy, 2000; Helbing et al., 2001).

B.1.2 Governing macroscopic traffic equations

In the remainder, a multi-class macroscopic model incorporating mixed ACC traffic dynamics
will be derived from the gas-kinetic model proposed above, using the so-called method of
moments (Hoogendoorn & Bovy, 2000).

Helpful Calculations:
df _d O_dxdvdv0 _( dvo) B5
dt_dt(x’v’v)_ ac'dat’ de ) \Uae) (8:5)
17( d.‘]—")_(a 0 (’)) dx dv dv° _(c’) 0 c’))( dvo)
Puar) = \ox av av0) Pu\aeae "ae ) = \ox’ av’ 9v0) \PuP Puge
_Y Lo Ay (B.6)
= 5z Pu¥) av<p” dt) '
Thus, the left-hand side of equation (B.1) becomes
ap, 0 9/ dv
R TR — —. B.7
@) =L+ = () + 5 (pu ) (B7)

Method of Moments
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Afterwards, the left-hand side of equation (B.1) is multiplied with the “k moments” of the
variable v, v* and subsequently the resulting equation is integrated over the physical range
of speed v and desired speed 0

k
v dt)v = 5)
0 dv .
— 2 kg0 L k+14.0 k2 0
(LHS)—f fatpuv dv dv+f faxpuv dv dv+f fv 0v<p“dt>dv dv.
v v0 v v0 v v0

Taking into account that p,, = 1,1, = 1, (%, t)1, (v, v°) the above equation (B.8) becomes

0 dv
(LHS) = — (pu)v +— (puv)v +=(pu

(LHS) —f fa r, (x, )vFy, (v, vo)dvodv+f f 1, (x, vy, (v, v dvOdv

A B
6
f j 6_ _v dvdv.

The following mean operator, (. ), of vehicle class u is applied to any function y (v, v°):

(B.9)

Y@= [ [ 3O v s, (B.10)
For example:
[ [ vt v0ravean = o, (B.11)

So, the macroscopic traffic variables are defined as below:

e Density:r=[ pdv
e Mean speed: V,=(v),
e Mean speed variance: 0,,=(v?),, — (V,)? = (v?), = 0, + (},)?

e Mean desired speed: /0 = (v°),,

Applying partial integration to equation (B.9) results in

Term A:

Ao %Tu(x, 0 f f vk, (v, v0)dvOdp = %ru(v"")u (B.12)

v p0

Term B:
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g 0
Bt t)f kaﬂll’u(vyvo)dvodv = aru<vk+1)u

v 0
Term C (taking also into account the following equations (B.15), (B.16), (B.17)):
i}

ff d"od”_ff v ‘O”dt v k)p“d]dvodv

Specifically, in the above equation

d
ff vk pud dvodv— kapud—:dv°—>0
0

v

and hence the term C is equivalent to

dv
f fkvk L, (v, v ) dvodv

v v0

By substituting equation (B.4) into equation (B.16) the term C is obtained as

dv
C = —kruf jvk_lalpudvodv

v po

k=150 _ k=1, k=1, _ k=1,
= —kruf f + p= P, dv°dv
v v0
k—1vo _
= —kruf f . lpudvodv + f lpudvodv
v b v
17k 1,0 _pk k-1, ok
= —kny (€ )+ " ) -
T T

By setting k = 0 and k = 1, the aggregated left-hand side becomes

e Fork=0

_0 (Tu)

0 0
— = 0y )= _—

= —(r (wkH),) = —(T o), = —(Tu(v)u) =2 FRLON

C=0.
Finally,
(LHS) = (term A+ term B =term C) = g;) + —(ru ) +0=
(LHS) = ag“) +—(ru )
o Fork=1:
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d 0
_ - (€Y —
A= 2 (")) = o (D)) = o (o)) = - (), (B.22)
0 0 0
- (k+1) - (1+1) -
B = Ox (Tu<v e )u) ~ ox (Tu<v 1+1 )u) ~ ox (Tu(vz>u) ) (B.23)
k=150 _ K vk—1y — pk p1-150 _ 1 vy — pl
C=—kTu[( )+ < " )]=—7‘u[( )+ < " )]
Ty T T
1(0),0 _ Oy —
= -1, [< A S - ] = -1, [( )+ ”)] (B.24)
0y _
o[ ][ ).
Ty) T Ty T
Finally,
0_ _
wis) = 2500 9y, - My ) (5.25)

where y,, = 0 for manual vehicles and y,, = 1 for ACC vehicles.
Let ¢(4x) denotes the space headway distribution between two consequent vehicles,

regardless of the class. By substituting w = v(x + 4x,t) = v(x,t) +Ax% into the mean

operator (w — v), we obtain:

(w—v)= ff fAxg—Zgo(Ax)lpu(v,vo)d(Ax)dvdvo. (B.26)

v9 v Ax

Assume that ¢ (4x) is distributed as below:

1
Here, §(.) denotes the Dirac delta function and &x is defined as:
-1 -1
1
- j fp(v, vOdvldv | = > f J.ru(x, ), (v, v*)dv°dv
v v0 B v v0 (B.28)

:% rf fl/)udvodv =%(r-1)‘1 =

v v0

2r

Calculation of (Ax):
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(Ax) = ff fAx(p(Ax)l/)u(U,UO)d(Ax)dUdUO

v0 v Ax
= fo @ (Ax)d(4x) ffl/)u(v,vo)dvdvo
Ax v0 v
1 (B.29)
= = 0 0
= foS(Ax Tt o, t)) d(Ax) fflpu(v,v Ydvdv
Ax o
=1
- f ax5 (4 : )awx
B x x r(x + 8x,t) X
Ax
By the properties of the Dirac delta function:
j ax5 (4 : )dcax) = :
x x r(x + 6x,t) X = r(x + 6x,t)° (B-30)
Ax
By substituting equation (B.30) into equation (B.29), we obtain:
(4x) = (B.31)

r(x + 6x,t)

By applying the first-order Taylor expansion for ¢ (4x) with respect to location x, and using
equation (B.28), we come up with

(4x) = ! = ! [r(x)] Sx—l [ lﬂ]&c:l—lar&c

r(x +6x,t) r(x) 2 0x r r2ox (B.32)
1 19r1 1 1 0r '
rorZox2r r 2r39x’
Neglecting the second-order terms
1
(Ax) = - (B.33)

Finally, by substituting equations (B.27) and

—~~

B.33) into equation (B.26), we obtain:

(w—v)= ff fAxg—z(p(Ax)lpu(v,vo)d(Ax)dvdvo
0 v Ax

JAx @ (4x)d(4x) jf Y, (v, v°)dvdv°®
ix (B.34)

= (Ax) f f O (v, v = (43) [ [vntwomyavave

9 1,0V,
<Ax> (o), = (1) 5V, = (5.

The derivation of the right-hand side (non-continuum term) of equation (B.5) has been
specified in the papers of Treiber et al., 1999, Hoogendoorn & Bovy, 2000 and Helbing et al.,
2001.

In more details, we can distinguish two types of non-continuum processes, namely
adaptation of the desired velocity distribution to a reasonable desired velocity distribution,
and the deceleration caused by vehicle interactions. An interaction event is determined by the
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fact that a faster vehicle catches up with a slower one. In case of interaction, the fast vehicle
needs to perform a remedial maneuver to avoid an imminent collision. Hence, in what
follows, the impeded vehicle will be referred to as the active party, while we will refer to the
impeding vehicle as the passive party (Treiber et al., 1999).

Subsequently, let us first consider interacting vehicles of p, (x, t, v, v°); interactions can
either yield an increase or a decrease in p, (x, t, v, v°), denoted by (9p, /dt)},. and (0p,/0t) s,

respectively. That is:
<_‘ ”) = <_‘ ”)

Let us now consider the joint phase-space density of classes u and s, given by p, s(x,t,v,w),
with v = (v,v°) and w = (w, w?) being the velocity and desired velocity of vehicles 1 and 2,
respectively. Specifically, p, s denotes the expected pair of vehicles of class u having a velocity

_+_
N (6&) , (B.35)
at int

v and a desired velocity v° and a vehicle of class s with velocity w and desired velocity w°
per unit length of a roadway. Subsequently, let p, = p,(x,t,v,w) denotes the probability
that slower vehicles can be immediately overtaken by a vehicle of class u. Then, based on the
results established in Leutzbach, 1988, the reduction rate (3p,/dt)z,; in py(x,t,v,v°) due to
vehicles in p, (x, t, v, v°) interacting with slower ones is given by:

(8pu) Z f f(l pu =W, W) W' = 0)pys (0,00, W', wOdwdw'. (B 36)

S w!' wo

The increase rate (dp,/0dt);,; due to vehicles in p,(x,t,w,v°), with w > v, interacting with
slower ones in p;(x, t, v, v°) (irrespective of the desired velocity v°) equals:

(apu) z f f (1-py =p, (', v) @' = V)py s @', v°, v, w)dwdv’, (B.37)

S v/'=pw0

where it was speculated that slower vehicles are not affected by the interaction.

The probability p,, = p, (x,t, v, w) of immediate overtaking depends on several factors,
such as the traffic flow conditions in a destination lane, the maneuverability and length of the
vehicle, as well as the difference between the current velocity v and the velocity w of the
impeding vehicle, the traffic composition (for example the percentage of heavy-vehicles), etc.

Next, using the expression p, s = pyps Or pys = pupsf , Where pf denotes the free-
flowing vehicles in pg, the resulting expressions for (B.35) and (B.36) can be approximated by:

%) 1=y W' —v) p, (v, v)pl (W', w®)dwdw’ (B.38)
(58 = 207 m) | [ ]
(apu) Z(l Tus) j j @' =) pu(v',v)p] (v, w)dwdv’, (B.39)

in which 7, ¢ defines the (v, v°)-independent expected probability of immediate overtaking
of vehicles of class u overtaking a vehicle of class s.
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B.1.3 Method of Moments for the right-hand side

a
ff pu —vkdvodv

=ff Z(l_nuS) f I(W =) pu (v, V)l (W', wO)dw dw' | v¥dvdv (B.40)

v v0 w' Ow0 )
+f f Z(l Tys) f f(v — ) pu (v, v pl (v, w)dw dv’ | v¥dvOdv .
v v0 v'=v w0 ]

Using p,, = Y1, and ps = 15 (from the known mean operator) the equation (B.40) becomes:

[

(1 Tus) f f(w — 1) pu (0, )L (W', wO)dwOdw' | v¥dv°dv

w'=0w?0

ff z(l Ty, )dv°dv f f(W — )1 Pups (W', w)dwdw'

wOw

jf Z(l nus)dv dv j(w — )y

v v0 w'=0

- [ Z(l ) dv dv f W' = V)RS W) dw’

v vo0 wi=0 (B.41)

= Z(l — Ty 5 )T (%, ) lf kadvodv f w' =)y, (v, v")p.(w") dw’]

fps(w wdw?® ‘dw

s v 0

Z(l nus)ruff vk, (v, v")dv°dv f(w —v)ps(w') dw’

v 0

= > (1 - mu I f (W' = V)5 (w") dw’)

w'=0
= Z(l — nu’s)ruFu,S .

N

Similarly,

[ ] ot

'=p wo

= f fv"Z(l - nuls)dvodv[ f f(v’ — 1) p, (v, v (v, W) (x, t)dwodv’] dv°dv

v'=vwl

© (B.42)
f Z(l — nus)r (x,t)dv f f(v’ — ) (V)P (v, w)dwdv'

I=p w0

:z(l_””'s)rsf f [ f f @' = )P (w5 (v, Wo)dv‘dwodv

v'=vwol
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= Z(l - ”u,s)rs (vk f f(vl —v)p(v)dv') = Z(l - T[u,S)rsHu,S .

v'=v wo S
ine (222) = (2n)” 4 (%x)" | g _ g 4 gk
Let us define ( m )NC ( m )NC +( o )NC >Ry =F +Hyg

Hence,

0pu\ _ apu>_ (apu)+ _ Z (k)
( ot >NC N ( ot int + Jdt int - (1 nujs)ru - Ru,S ' (B43)
Finally, the aggregated right-hand side of equation (B.1) becomes (Ngoduy, 2012c):

e Fork=0:(RHS)=0

e Fork=1:(RHS) = —n,(1— nu's) Ys Ry s, with R, ¢ being the interaction rate between
a vehicle of class u and the leading vehicle of any class (denoted by s) and m,, being
the probability that a vehicle of class u is able to immediately change lanes.

Consequently, the macroscopic equations for mixed traffic of manual and ACC vehicles
are determined as

e Conservation law:

or, onV,

or, _ B.44
ot Tax O (B4d)

e Momentum dvnamics:

aruVu + aru(VuZ + @u) Yu aVu Vue - Vu

———=r
ot dx vox Yo, (B45)
. —
convection relaxation

where V;/ is the equilibrium class specific speed:

Vue (ru; Vu; Ou) = Vu0 - (1 - T[u)Tu Z Ru,s . (B.46)
s
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B.2 Macroscopic Model Development for CACC traffic flow based on
GKT theory

Similarly to the previous Section B.1, the work reported here contains a detailed derivation of
the equations for the macroscopic traffic flow simulation with CACC traffic dynamics
(Ngoduy, 2013b), obtained from the classic GKT theory using the well-known method of
moments. It is based on the work of Hoogendoorn & Bovy, 2000, and Ngoduy, 2013b. This
derivation was performed in order to verify the procedure followed by Ngoduy, 2013b, and
highlight the details of this procedure, so as to be able to compare the utilized CACC model
(Chapter 5) with that in Ngoduy, 2013b.

B.2.1 Underlying gas-kinetic model for CACC vehicles

The macroscopic approach incorporating CACC traffic dynamics is extended from the gas-
kinetic theory presented in the previous Section B.1 for ACC equipped vehicles. Thus, we will
start by briefly recalling the GKT model for ACC vehicles presented in Section B.1. Let us first
denote the phase space density p(x,t,v,v°), pfor short, which represents the expected
number of vehicles on (x,t) driving with speed v while having desired speed v° per unit
roadway. With (v, v°) the joint probability of the current speed and the desired speed of
vehicles is denoted. By definition, p = yr, withr = r(x, t), is the density at location x and time
instant t. Based on the work of Hoogendoorn & Bovy, 2000, the gas-kinetic theory reflects the
changes of the phase space density p due to both the continuum and non-continuum process;
the continuum process yields smooth changes of p, due to inflow and outflow into the phase
space consisting of vector F = (x,v,v°), while the non-continuum process produces non-
smooth changes of p by the interaction occurring between and within vehicle classes. The gas-
kinetic equation describing the traffic dynamics for aggregate lane and aggregate vehicle class
is given below (Ngoduy, 2013b)

ap N V( dfF) _ (ap)i"t
continuum non—continuum
where the Nabla operator, V, is defined as
d 0 0
(2223
ox’ ov’' ovo

Assuming that drivers do not change their desired speed during their journey, the first and

(B.48)

the third term of the non-continuum process % of equation (B.47) are determined as:

dx dv®
— = —=0. B.49
ac U Tdt (B.49)
In case of the second term of %, which is actually the acceleration or deceleration term and is
0_
specified for manual vehicles as % :vr “ for CACC vehicles, takes the following form:
dv ' —v W, —v
aw _ + Z n_ 7 (B.50)
dt T T
n=1
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in whichn = 1,2, ..., N with N being the number of preceding vehicles that the follower could
exchange information (interact) with; w,, is the speed of the nth preceding vehicle. Following
from the space-headway policy, the speeds of the follower are correlated with the speeds of
its nth leader according to the following equation: (w,,) = (v(x + Axy,, t)), with Ax,, being the
space headway between the follower and its nth leader. Moreover, the coefficient 75 in
equation (B.50) reflects the relaxation time of the CACC vehicle to the nth leader. Under the
assumption that CACC vehicles takes longer time to relax to the speed of the furthest nth

leader, it is supposed that 7 < 73 < -7y and YN_; == Ti , where 7* denotes the relaxation
time of the ACC vehicle.

By substituting equation (B.50) into the generalized governing equation (B.47) we end
up in the following gas-kinetic equation that incorporates CACC traffic dynamics:

ap N d(pv) N o ( vo—v Wn —-v ( )mt
ot T _ax_ o\’ 1 at) - (B.51)
I N —— p—r

11

In the equation above, term I reflects the changes of the phase-space density p due to the
motion of vehicles along the space variable x, term II denotes the changes of p due to the
acceleration process (i.e. the vehicle accelerates to its the desired speed v°), while term I1]
depicts the changes of p due to the relaxation process towards the speeds of the preceding
vehicles through the CACC system.

B.2.2 Governing macroscopic traffic equations

The macroscopic model for CACC traffic flow is derived from the gas-kinetic model proposed
above, based on the so-called method of moments (Treiber et al., 1999).

Helpful Calculations:
df _d oy [dx dv dv° _( dv 0) B.5
- a® )  aww )= Pa) (B:52)

V( dT)_(a 0 6) dx dv dv° (6 0 6)( dv0>
Pac) = \ox’ v’ av0) P\ ae ar ar ox ov’ 0v°) \PV P

(B.53)
_ a(dv)_l_o_ +6(dv)
= (pv) 7t (pv) 7t
So, the left-hand side of equation (B.47) becomes:
dp 0 0 ( dv
S —(p=). B.54
w5) = 55+ 5o + 5 (o ) (B:54)

Method of Moments

Afterwards, we multiply the left-hand side of equation (B.48) with the “k moments” of the
variable v, v* and subsequently the resulting equation is integrated over the physical range
of speed v and desired speed v°:
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Jd / dv
(LHS)——(p)v +—(pv)v o pE) .

(LHS) —f f—pv"dvdv +f fa pv*+1dudy” +f f k% )dvdv (B.55)

0

Taking into account that p = rip = r(x, t) (v, v?), equation (B.55) becomes:

d d
(LHS) =f far(x, t)vklp(v,vo)dvdv°+f far(x, vy (v, v)dvdv®
v v v v0

A
dv
ffv — dvdv®

v vo

B (B.56)

In the ensuing section, the following mean operator, .), is applied to any function
y(,v°):

v o) = | [y npw, v dvdv®. (B57)
For example:
f jvklp(v,vo)dvdvo = (vk). (B.58)

Thus, the macroscopic traffic variables are defined as below:

e Density:r=[ pdv
e Mean speed: V=(v)

e Maean speed variance: 0=(v?) — (V)? = (v?) = @ + (V)?

e Mean desired speed: V° = (v°)

Applying partial integration to equation (B.56) results in:

Term A:
=20 [ [, v0dvare = ey
o : : T (9.59)
v vo
Term B:
B=——r(x0) | | v**p,v0)dvdv® = —rw*+) (B.60)
v v0

Term C (taking also into account the equations (B.62), (B.63), (B.64)):
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0
— — vk )y —
ffv dvdv f[ dt) ™ )p dvdv

v p0 v

In the above equation, obviously:

d dv dv

— [ pky—— 0 _ ko~ 4,,0
ffav(v pdt>dvdv fv pdtdv - 0.
v v0 v0

So,
d dv
— [ q1/)k 0
ffav(” pdt)d”d” -0
v 0

and the term C is equivalent to:

ffkv" Lrp (v, v° )d dvdv® =

v vo

= —krj fz/)(v 0 v 1dvdvO .

v v0

By substituting equation (B.50) into equation (B.64) the term C becomes:

dv
= — k-1~ 0
C krf f v 7t Ydvdv

v v0

pR=150 _ k-1, N _pk
= —krf f + <vk‘1 Z WnT Ydvdv°®
n

v v0 n=1

=—krff v - gl)dvdv +f f( :ka_lvk>¢dvdv0

=—kr[<—" = >+z<—” R >].
n=1 n

By setting k = 0 and k = 1, the aggregated left-hand side takes the form:

e Fork=0:

or
ot’

0 0 0
~ 3t (r(vk>) ~ a3t (T(U(0)>) = a(

0 0 0 0
= — (k+1)y) = 0+1)y) = =
B = (r(w®™)) = — (r(v ) = — (r(w) = - (1),

C=0.
Therefore,

ar 0
(LHS) = (term A+ term B = term C) = 3 + a(rV) + 0 = (LHS)

=T L.
ot r
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e Fork=1:
=— =% () = & _a
A—at(T(vk))—at(T(v1))—at(r(v))_at(rV), (B.70)

9 9 9 9
=— (k+1)y) = — (1+1)y) — _
B = (rw ) = —(rw®)) = — (r(v*) = o~ [r(6 + V)], (B.71)

@40 _ N O -
_ (vov v)+z<v°w,i v1>] (B.72)

Finally,

GO VOV s ow,—v
(LHS) = 5=+ 2 (™) —r o ) (7o)

i =1 (B.73)
e CER ) B Wiy
n=1

at dx T (™

Let us now denote the space headway distribution between two successive vehicles,
@(4x). By substituting (w,) = (v(x + 4x,,t)) = V(x,t) + Axng—z into the mean operator

(w,, — v) and (4x,,) = ndx (with Ax being the space headway between two successive vehicles)
we end up with:

0
(w, —v) = ff fnAx%q)(Ax)lp(v,vo)d(Axn)dvdvo. (B.74)

v0 v Ax

Next, we assume that ¢ (4x) is distributed as follows:

0(dx) = & (Ax - (B.75)

1
r(x + 6x, t)) '

Here, 6 (.) denotes the Dirac delta function and x is defined as:
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-1 -1
1 1
se=5| [ [owvoawane | =2( [ [ reowe,v0)dvave
v 0 . v v (B.76)
-1 ff dvdv® | =21t =
=5\ Ydvdv =5 = o

v v0

Calculation of {Ax):

(Ax) = ff fAx<p(Ax)l/J(v,v°)d(Ax)dvdv°

v0 v Ax

= | Ax (4x)d(4x) Y (v, v°)dvdv°
J /]

Ax o v

= foS(Ax—m) d(Ax) ffll)(v.vo)dvdvo

Ax

(B.77)

=1
= fod(Ax — m) d(4x) .
Ax

By the properties of the Dirac delta function:

Axd A —1 d(4 ——1
,[ x (x_r(x+6x,t)> (x)_r(x+6x,t)' (B.78)

Ax

By substituting equation (B.78) into equation (B.77), we obtain:

(4x) (B.79)

- r(x + 6x,t)

By applying the first-order Taylor expansion for ¢ (4x) with respect to location x, and using
equation (B.76), we come up with

(ax) = 1 _ 1+[1]15 _1+[ 1ar6_1 1 dr
x Cr(x+6xt) rx)  lr(ol, =7 r2oxl X Tr et (B.80)
1 19r1 1 1 0r '
r r2ox2r r 2r3dx’
Neglecting the second-order terms
1
(Ax) = - (B.81)

Finally, by substituting equations (B.75) and (B.81) into equation (B.74), we obtain:
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(W, —v) = ff fnAxg—Z(p(Ax)tp(v,vo)d(Ax)dvdvo

0 v Ax

= anx<p(Ax)d(Ax) ffg—vlp(v,vo)dvdvo
ix oy (B.82)

= n{4x) ffg—zlp(v,vo)dvdv n(Ax)— ffm/)(v v dvdv®

N L A 1 14
= n(lx) = (v) = n(ax) 5 == (5.

The mean operator of the non-continuum term of equation (B.47) has been specified in the
work of Treiber et al., 1999, Hoogendoorn & Bovy, 2000 and Helbing et al., 2001). In the
following section we adopt the results concerning Treiber’s work (Treiber et al., 1999).

B.2.3 Underlying the gas-kinetic equation

In principle, the kinetic equation that describes the evolution of the coarse-grained phase-
space density is given as

plx,v,t) =za:fdt’fdx’fdv’g(t—t’,x—x’,v—v’) (B.83)
X8(x" —x4(0))6W" —va(t)),

and represents the probability density of finding, at a given time ¢, a vehicle a at position x,
having velocity v,. The coarse graining is performed by taking local averages over a weighting
function g(t —t',x — x',v — v') satisfying [dt' [dx' [dv' g(t —t',x —x',v —v') = 1, which
is localized in a microscopically large and macroscopically small neighborhood around x and
in appropriate neighborhoods around t and v (Treiber et al., 1999).

Subsequently, taking the time derivative of the above equation (B.83), and inserting the
microscopic equation ddt = VO_V“

evolution equation (B.86) for the phase-space density (Treiber et al., 1999) :

— XB+a fag + &,(t), gives, by partial integration the kinetic

0p 6 1 Vo—vy 6 62
op 6 Y1 _ 2 (Af s B.84
9t+9x(pv)+9v[p T ] gy Plnt) + 522 (PD), (B:84)
in which the interaction term has the form
fint = ~‘1ZZfdt fdx jdv gt — x',v=v") fapb(x’ — x4 (£))S('
a f+*a (B.85)
- va(t)) .

The microscopic braking interactions f,z directly results in a Boltzmann-like
interaction with a density-dependent prefactor P(p):

0
% (ﬁﬁnt) = P(P)I(x: U, t) ’ (B86)

in which
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I(x,v,t) = f dv'(v' —v)p(x,v',t) p(xg, v, t)
v'>v (B.87)
+ f dv'(v—v")p(x,v,t) plxg, v',t).
v'<v

The first term of the right-hand side of equation (B.87) reflects the increase of the phase-space
density p(x, v, t) due to the deceleration of faster vehicles having velocity v’ > v, which cannot
overtake vehicles at x, driving with velocity v, whereas the second term defines the decrease
of the phase-space density due to deceleration of vehicles driving with velocity v, which
cannot overtake slower vehicles at x, driving with v’ < v. The prefactor

1
P(p) =1 -p)x = — 1 (B.88)

is proportional to the probability (1 —p) that one cannot immediately overtake a slower

vehicle, and to the correlation factor y = % describing the increased interaction rate due to

vehicular space requirements. To sum up, the kinetic phase-space equation, upon which the
GKT model is based, is defined by

— (1 - 1) f dv'(v' —v)p(x,v',t) p(xg, v, t)

p (B.89)

v'>v
02
+ f dv'(v—v")plx,v,t) plxg, v, )| + W(ﬁD) .

v'<v

B.2.4 Derivation of the macroscopic equations

Next, macroscopic equations for the lowest velocity moments are derived from the kinetic
equation (B.89). Consequently, the macroscopic vehicle density p(x,t) and the average
velocity V(x, t) are determined as:

plx,t) = f dvp(x,v,t), (B.90)
0

V(ix,t) = (v) = p‘lj dvvp(x,v,t). (B.91)
0

In particular, the macroscopic density equation depends on V, and the macroscopic equation
for V on the variance

[oe]

0(x,t) =((v-V)?%) = p‘lf dv (v —V)?p(x,v,t). (B.92)
0
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In the GKT model, we make two assumptions. First, we assume that the variance 6 is a
function of density and average velocity. Second, we assume that the phase-space density is
locally associated with a Gaussian velocity distribution

e~ [-V(x)]?/[26(x,0)]

plx,v,t) = p(x,t) J2m0(x, t)

Finally, multiplying the phase-space equation (B.89) with 1 or v, respectively, and integrating
over v, after straightforward but rather lengthy calculations lead to

(B.93)

or 6@V)

— 0 B.94
ot + Ox ’ ( )

B(8v). (B.95)

(9 9)V=_19(1)9)+Vo—v_P(pa)pa(9+9a)

— 4ty —
9t+ Ox p Ox T 2

In more detail, from equation (B.89) we obtain:

[o9] [oe]

fdv fdv’(v’—v)ﬁ(x,v’,t)ﬁ(xa,v,t)+fdv jdv’(v—v’)ﬁ(x,v,t)ﬁ(xa,v’,t)

0 v'>v 0 v'<v

dv fdv’v’ﬁ(x,v’,t)ﬁ(xa,v,t)

v'>v

dv f dv'vp(x,v',t) p(xg, v, t) (B.96)

v'>v

+ | dv Jdv’v’ﬁ(x,v,t)ﬁ(xa,v’,t)

v'<v

dv f dv'vp(x,v,t) p(xg,v',t).

v'<v
Using equations (B.90) and (B.91):

[o¢]

J dv p(x,v,t) f dv' v'p(x,v',t) =p(xg,t) f dv' v'p(x,v',t), (B.97)
0 v'>v v'>v

j dvvp(xg, v, t) f dv' p(x,v',t) = p(xg, )V (x4, t) f dv' p(x,v',t), (B.98)

0 v'>v v'>v

—f dvp(x,v,t) _[ dv'v' p(xg,v',t) =—p(x,t) j dv'v' p(xg,v',t), (B.99)
0 vi<v vi<v

f dvvp(x,v,t) f dv' p(xg,v',t) =p(x, t)V(x,t) f dv' p(xg,v',t). (B.100)

0 v'<v v'<v

However,
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Pxw) | a0 v, = e OGOV ), (B.101)
Plra OV Giat) | @' 5w, 6) = e, OV Gras D0, (8.102)
px) [ @' VB0 v, 0) = (2 0P G, OV (2, (8.103)
p(x, OV (x, t) ’ f dv' p(xg,v',t) = p(x, OV (x, )p(xq, 1) . (B.104)

So,

p(xa, )p(x, OOV (x, ) — p(xg, )V (xg, £)p(x, 1) + p(x, ) p(xq, OOV (x4, 1)
—pO, OV (x,t)p(x,,t) =0.

Finally, the monotonically increasing macroscopic interaction term, B(év), of equation (B.95)

(B.105)

e—6v2/2 6ve—y2/2
B(6v) = 2|6v + (14 6v? f d (B.106)
(6v) Ner ( ) T y

describes the dependence of the braking interaction on the dimensionless velocity difference
ov=~W-1,)/\JO +0,.
To sum up, the macroscopic equations for CACC vehicles are (Ngoduy, 2013b):

e Conservation law:

or a(V)
- = B.107
ot o O (8.107)
[ ] Momentum anamiCS:
N
o(rv alr(V2+ 6 av ve—-v
(V) r (v +6) n_ve-v (5.108)

Jt 0x ox T T
n=1
where V¢ = Ve(r,V,r% V%) denotes the (dynamic) equilibrium speed, which depends not only
on the local density r and mean speed V, but also on the nonlocal density r* and mean speed
V% Bothr* and V* are computed at location x* = x + d, with d being the safe distance gap,
specified as d = dy + yTV. Here, dy and T are the safe distance gap at the standstill and safe

time headway, respectively. Typically, dy = where 7j,, denotes the jam density; y is a

Tjam
scaled parameter. The dynamic equilibrium speed function of the nonlocal model is (Treiber
et al., 1999):

A(r) T,d V-V,
Ve(r,V,ra,ve) = V|1 B( ) , (B.109)
A(Tjam) 1-— Ta N
Tiam
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where A(r) is a variance factor, determined as:

A(r) = Aq + 8A[1 + tanh (- ;:CT)] , (B.110)

in which 7, is the critical density, reflecting the division between the free-flow and congested
traffic situation; Ay, 64 and 6r are constants; B(.) is defined as:

B(z) =2[zN(2) + (1 + z2)]E(2), (B.111)

with N(z) = 1/V2rexp(-z%/2) and E(z) = [*_N(y)dy .
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