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Connected vehicle technologgnprovide traffic signal controllensith abundant types of data
resources e.g.,vehicle occupancy datatc. Theprovideddata can be used to impve the
performanceof signal control methods and enable conversion from vekbelged controls to
persontbased controls, which focus on optimizing persefated objective values, such as
minimigng average person delay. Howevso, farresearchin relevant fields hasot fully
exploited potential paradigms and benefits of persbased controlsln respect of suchhisstudy
has provided a betteunderstandng aboutthe impacts of occupancy informatiaollectedfrom
connected vehicles (CVs) on urban signal controls and potential betogfitgssonrelated

performancethat those information can bring

The contributions of thistudy include 1)development of ahree-layeredDP persorbased
signal control mechanisiiferSiCofJunctior) in a fully CV environmerait an isolated junction
with a signal phase transition exploration mechanism anef@iéowing updating theories?)
development of gersontbased contromechanismRPelSiCorBug with completely flexible signal
plans to applythe PerSiCofdunctionto more complex vehicle mixtures of cars and buses in a
generalized §hases options junctigr8) proposal ofa coordinated paradigm PerSiGdletwork
to better understand how &SiCorBus with flexible phase combinations and stage sequences
should be implemented in multiple junctiond) realistic case and scenaristidies that assess
the performanceof the proposed method against benchmarking models involving vebaded
controls using CV datand5) proposal of &UVO algorithm to estimate status of unequipped
vehicles with occupancgo agto improve the behaviour of PerSiGdletwork under imperfect CV

penetration rate environments.
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Chapterl1 LY UNRRdzOGA2Y

1.1Problems and challenges in urban roads

Dueto rapidgrowth of urbanpopulation, car ownerships and passenger vehicle miles travelled
traffic delay and congestidnas been increasinig urban areasin the UK in 2019motor vehicle

and passenger miles travelled have reachecbrd highof 357 billion vehicle miles and 873 billion
passengekilometres respectively, 0d86% and 117% increment over the past 50 years
respectively (UK Govt. Dept. Transport, 2019a). In 2020, vehicle and passenger miles travelled
decreased b®1% and 33%om one year ago, respectivelywing to theCOVIEL9 pandemic
startingin March 202Q(UK Govt. Dept. Transport, 202Boweverijt is unclear whether such
decrease will remain for long time. As a matteffadt, congestionsat UK citycentresin 2021have

shown signs of recoverpackto 2019 levelslong withease of lockdown policies (INRIX, 2021).

Traffic delays and congestioofen lead toexcess/e waste oftime for vehicle users and
passengerand costs oéconomic activities. According to statisticsrh INRIXeachBritish driver

and passenger lost 73 hours in traffic on average in 28Righ islower thanthe 115 hours in

2019 preCOVID but significantly higher thdre 37 hours in 2020 (INRIX, 2021). For each Brits,
the average time spent by sattiraffic in 2021equals to£5950f traffic costor £8 billion

nationwide (INRIX, 2021). Table 1.1 lists the 10 most congested urban areas in the UK ih 2021.
indicates thatcongestion circumstances in London amestserious. London is alsme ofthe

most congested ciésin the world in 2021Drivers in Paris and New York lost an average of 140
and 102 hourslue totraffic congestion in 202Yespectively (INRIX, 2021).

Urban delay and congestionéspected to worsetin the future. There is ndforecast on

congestion cost in recent yeatst it canstill be roughlycalculatedfrom the forecast of vehicle
miles and fuel prices. The wofd  LJ2 Likjzfedicied t8 iyicreasey 147% from 201%0 2050
(United Nations, 2019). Traffic volume levaigl congestion in England and Wales a@s®

expectedto increase byl 7% to 51% and 8% to 1666m 2015to 2050,respectively (UK Govt.

Dept. Transport, 2018a). In addition, the petrol and dispel fuel prices in the UK in November 2021
hasreached 150 pereperlitre, the highestevel overthe past five years (Department for
Business, Energy and Industrial Strategy, 20Bigrefore, urban congestion will result in
increasing transportatiomelated costs fopeople living in big citiesConventional apprazhes,

such as constructing new roads and lanes, are not feasible solutions in most urban cities due to
political and environmental concerns along with limited lane resources and infrastructure

construction restrictiongBaskaet al., 2011)Instead efficient traffic managemenbn existing
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infrastructures has becoméncreasingly essential to reduce traffic congestion, travel time loss and

related costsFor example,lie UKDepartment for Transport (Dffias recenthhighlightedthe

challenges fofuture urban person mobilityand proposed tautilise data sensing technology (UK

Govt. Dept. Transport, 2019bj.personbased signal controlsan improve person mobility

significantlyover vehiclebased signal controls, lots of benefitsch agpeople travel timdoss

saving congestion cost reduction and traffic demand reductam be achieved

Table 1.1 10 most ongestedurban aeas in the U.K(INRIX2®1)
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1.2 Existingurban traffic control system and limitations

Traffic signal junctions are essential components of urban road network. Traffic signal control

system ione of majortraffic managementpproacha to control vehicle flows by scheduling

traffic light schemes for competing flows and allowing vehicles to share the junction spaces
without collision (Gordon and Tighe, 2005). Urban Traffic Control (UTC) sysisrdsveloped

rapidly with improvechardwae and control strategie CurrentUTC systems formulate signal

timing plans based on either historic data (fixtéie signals) or redime data collected by

sensors (inductive loops, radar, infrared) at fixed locatidree below are three major UTC

strategies(Feng et al., 2015):

1. Fixedtime control strategiesdo not change phase durations and cycle lengths. The phase

sequence and phase durations of fixéxthe control are predetermined by local historical

traffic data for different times o& day (Jing et al., 2017)herefore fixedtime control

methods do not requirany furtherinfrastructures to measure traffic demand. The

infrastructure construction and maintenance costs can be saMegerthelessfixedtime

strategies have poor flexili§i and areinsensitive to traffic flow fluctuations during the day
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(Maslekar et al., 2013keading tofrequent traffic congestion and disturbanée high-priority

vehiclessuch aemergency vehicles.

2. Actuated signal controbtrategiescollect reaidtime traffic data using sensors, such as loop
detectors, radar and video detectors. They adjust signal cycle lengths, phase durations and
signal sequences by applying simple ldiie extending unit green time (Feng et al, 2015).
Actuated signal controls hawebetter response to redlme traffic flows than fixedime
control. Apart from that,simple signal logicsanalsosavecomputational expenss However,
the availabilityof reaktime detection is limited at traffic flows on green phase roatispite
those lanes on red phase with vehicle information. Moreover, actuated traffic signals rely on a
set of predefined static parametersuchas unit extension time, minimum and maximum
green timeto transform collected data into traffic control strategies (Ja@l., 2017).
Furthermore, the coverage of infrastructulbmsed detectors is low due to high installation

and maintenance costs.

3. Adaptive signal controls strategiasse similar information resources as actuated control to
acquire data (e.g., speed aadceleration) from the upstream urban roatheyare
advantageous in respeof estimating short period incoming traffic flows aadleto reach
maximum or minimum objective functions lbyptimizingtiming strategies. Current well

known adaptive control sategies include SCATS (Besley et al., 1998), OPAC (Gartner, 1983),

SCOOT (Bing and Carter, 1995), RHODES (Mirchandani and Head, 2001), PRODYN (Henry et

1984) and MOTION (Brilon and Wietholt, 2013).

Traditional actuated and adaptive signal strategiesently canonly partially adjust their
decisions to variable demand (Guler et al., 20Wijh rapidtechnologicadevelopmentsthe
performanceof UTC systemsan be improved. Howevelhere arestill two major limitations

preventing UTC systems fronciding urban congestion and cost issues:

The first limitation of UTC systems is inadequate traffic data collected from inductive loop
detectors and other existing sensofisaffic data collection sensors (e.g. inductive loops
embedded under roads) in mosbmmony usedUTC systems are point detectors, which can only
provide a brief snapshot of vehicles (Box and Waterson, 20103hltsghallenging for UTC
systensto understandaccuratdy the state of vehicular environments and accordingly make

signal timing decisionsThis issue can be addressedthy advancemenin wireless

communication technologiesVith thedevelopments of Vehicko-Infrastructure (V2I) and
Vehicleto-Vehicle (V2V) communication systems (Qu et al, 2010), new data sources arel@vailab
for signal control optimization by accessiogoad and vehicle state®lew data streanthat is

continuously that is continuousjyrovided by Connected Vehicles (CVs) can deliver information
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such assehicle locations, speeds and accelerations to traffic signal controlleis area has

become the focus of curremesearchwhere great improvementdiave beerachieved.

The second limitation of existing UTC systems is they are all véhaméelbut not person
oriented. In other words, the optimization objectives of these signal controldareduce total
vehicle delays, vehicle travel time, and number of stops or inereelsicle throughputThus the
importance of personal mobility in urban networkasbeen ignoredVilarinho et al., 2017But
most of the cost caused by urban road congestions are measurkdvynuch timea persorhas
spentrather than a vehicle. Those vehidlased signal control optimizationsnd to causeunfair
treatment of vehiclewith high occupancievel Therefore, development of persdrased
controls is moraiseful with respects toeducing delays, congestion and related costs. The
persontbased controls optimize signal timing plans using CV alad@ccupancy data of CV.
Howeuer, fixed point detectors usebly UTC systemsanonly count the number of arrival vehicles
at a certain time It is difficult for them to obtaiwehicle occupancglata. This issue has been
addressed by applicatioof advanced CV communication technolpdgtailedin Sections 1.3.3
and 2.4.

1.3 Motivationsof thisresearch

Asmentioned abovén Section 1.2, existing UTC systdrage some limitations which can be
addressedy CV technologgnd sufficientdataresourcesThe connected vehicle technologies
canpotentiallyreducecongestion on the entire road network by providireaktime vehicle
trajectory datato signal control systems. Moreover, thegllect theoccupancy information of
every vehicle connected as a prerequisite of proposing pebsmed ontrol. The stateof-the-art

researches only focus on improving the first limitations at present.

This section investigates the importance of implementing peisased signal control systems,
the introduction of CV technolodgr technical realizationwhat progress has been achieved by
researchers in this field and the potential benefits of developing pelsmed signal control

systems.

1.3.1 Time loss savings and cost reduction

The major motivation for researching persbased signal control systenis the potential
benefits oftime loss savings and cost reductionsassengersiINRIX (2018) research estimated
that the total congestion cost across US, UK and Germany almost reachedid6dbllars. The

direct cost accounts faa great proportim of the total costs of congestion, which is mainly a
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result of theneedlesslytime wasted by drivers and passengers in congestion. The calculation of
direct costs of congestion is associated with time loss of average drivers, different values of time
anddifferent vehicle occupancy rates among three countries (INRIX, 2018). In other words, the
direct costs of congestion largely depend on the time loss and related costs of all people in one
vehicle rather than the vehicle itself. The situation of a highupaacy vehicle (e.g. 4 people in a
vehicle) suffering from heavy congestion is worse than a low occupancy vehicle (e.g. 1 person in a
vehicle)under that cases the time losses of all people in high occupancy vehicle will increase. On
the contrary,reducing delay of the vehicles with more people can significantly savérttesloss

and cost reduction.

However, notably that improving urban mobiliynd reducing total passenger delaythe current
level of congestiolis not a straightforward tasklhe glohl average time loss of every person in
urban areas due to congestion is predicted to be 106 hours per year in 2050, three times higher
than thevaluein 2018 (Lerner, 2018). The costs of urban mobility atienesed to be 829 billion

euros, which ardour times greater than those costs in 1990 worldwide.

A study for vehicldased adaptive signal control based on wireless communication (Wang et al.,
2018) suggested great flexibility than the existing UTC system as more detailed data sources were
providedfor the signal decisiomaking process. Thilisation of cheaper detectors in V2V and

V2l communication systems, such@sboardUnits (OBU), Dedicated Shdérange

Communication (DSRC), and satellite navigation systems, also significantlysieakise

However, additional spaces can be further explored to reduce total people time losses and costs
by transferring adaptive vehicleased signal controls to adaptive persoased controls. This is
because the objectives amdetricsof vehiclebased systems armeasured by vehicles and dot
consistent with the costs of congestion measured by people. Although thameexact statistics

for vehicle occupancy level distributigrthe reasonable estimates for different ratios of vai
occupancy based on average occupancy statistics in Section 2.3 indicate that vehicle occupancy is
not a constant While vehiclebased control systems regard all vehicles on the roati@same

occupancyevel

Some policies in transport have realizbé importance of reducing person delay or providing

more delay reduction chances to those vehicles with high occupancies. Bus priority schemes are
critical strategies to protect bus services with a great level of priority and to improve the reliability

of buses, thus enhancing the levels of services to bus passengers (Ahmed, 2014). Bus priority play:
an important role in public transport and is advocated by naité¢s and towns worldwide due to

its large passenger capacity aapplicability inlimited urban road spaces (Cheney, 1992).

Supposing that the delay of bus significantly reduces through bus priority strategy, travel time of
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the mass amount of passengers would also be reduced so that it contributes greater to savings of
people time losses and re&d costs than passenger vehicles. This priority idea has expanded to
high occupancy private cars through implementing High Occupancy Vehicle (HOV) lanes (Stamos
et al., 2012) in some cities to ensure faster, more reliable travel of those vehicles with hig

occupancies.

Owing to this, one of the principles proposed by DfT for improving urban people's mobility is to
reduce urban congestion through more efficient use of limited road spadénnovative
approachessuch as increasing vehicle occupancy ratesar consolidating. However,
implementingHOV lanessa conventional method to respond to this principle like constructing
new roads, which do not fit with efficient utilisation of limited land resources. The pdrasad
signal control systems have pottial benefits to reduce personal costs and improve urban

mobility, which is worthy to research.

1.32 Pressures on increasing traffic demand

The values of average occupancy for cars and vans in England fluctuated between 1.55 and 1.6
from 2002 to 20194een in Figure 1.1). In 2020, the average car occupancy in England decreases
to 1.49 affected by the COUI® pandemic, as a result of trip restrictions imposed by authorities
and fear of infection by individuals. Based on this level, the UK Departmé&naéport (DfT)
forecasted traffic growth of approximately 35% over the 2015 and 2050 period due to increasing
car ownership and vehicle miles travelled with the assumption of a 1.5 average car occupancy
rate. DfT also carried out sensitivity tests to obvsethe influences ofhanging car occupancy to
traffic demand. The average car occupancy rate is assumed to be 1.3 and 1.7 in 2050 in the
private travel test and ridsharing test respectively to represent changes in average car
occupancy in different maeb. As a result, road traffic is estimated to grow 55% between 2015
and 2050 in case of average vehicle occupancy rate decreases from 1.5 to 1.3 (UK Govt. Dept.
Transport, 2019b). Contrarily, if the average vehicle occupancy value rises from 1.5 te 1.7, th
increment of traffic demand during the same period will only be 5%. The results indicate big
differences in traffic demand increment even if there are only slight changes in average car
occupancy. Thiancreasing rate of low occupaneghiclespossibly cased by private travel will
deteriorate the increasing traffic level demand in future. However, a bit higher average car
occupancy rate could dramatically relieve pressures on future traffic demandsRédimg is one

way to potentially increase the avega car occupancy level. The perdmsed signal controls may
also contribute to increasing the vehicle occupancy levels from the perspective of urban signal
control if itcanassign higher priority to high occupancy vehicles, enabling them to suffer less

delay and congestion on urban roads.



Chapter 1

1.7

1.59 1.59
16 1.58 157 1.57 1.58 157 1.58

1.6
1.57 1.57 1.57 1.57
1.56 1.56 155 155 1.55
1.49
ll |
1

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Year

Number of people
= = =
w E= L

[y
o]

=

Figure 1.1 Average car and van occupancy in England from 200220 @K Govt. Dept. Transport, 2091a

1.3.3 Connected vehicle technology

Connected Vehicle (CV) technology (see details in Chapter 2) emerges promptly in to response the
urgent requirement of improving traffic congestion and delays. Intelligent Transportation Systems
(ITS) have demonstrated the potential of absorbing technekffiom multiple disciplines to

improve current transport conditions for CVs (Qu et al., 2010). Meanwhile, CVs are expected to
deliverenormous mobile data demand floiw transportrelated applications (Lu et al., 2014). CVs
equipped withon-boarddevicesand sensors enable the acquisition of sedhicular data. By

means of powerful, interoperable networked wireless communications, connected vehicles create

a communication environment with other road elements.

Within a definite network communication scepCVs achieve information exchange to other
connected vehicles (V2V), roadside infrastructure (V2l), as wetl-asardsensors (V2S). Those
interactions combine several developing network technologies such as cellul&i, Ydiellite

radio, or DSRCtmwireless communications to provide an enriched information platform. For
instance, advanced vehicle sensors are used for collectingimalehicle and driver statu®©n
boardcomputer processing systeoopeswith data streamed from V2| and V2| comnications

in coordination with mobile smart devices (Olia et al., 2016). GPS navigations also provide more
accurate vehicle positions and other vehicular parameters (Faezipour et al., 2012). Hence, the
connected vehicle system makes multiple levels of datasing, gatheringhsring, computing

and releasing to bpossible through tweway connectivity (shown in Figure 1.2). Thus
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complicated information broadcast and multiple events can be realized simultaneously (Qu et al.,

2010).
&7

Footprint of wireless
access infrastructure

® On-board sensor @ ECU

Figure 12 Overview skath map of connected vehic{Eaezipour et al., 2012)

Due to the powerful data handing capacity and wide applicability, CV has been developed and
deployed in many transport areas (Chang et al., 2015). The main agpdatiedriver safety,
infotainment, dealer services, locatidrased services, quality & reliability and customer

experience (SAS Institute GmbH, 2016). Not like the traditional methods adopted to alleviate the
damages and destroy when accidents occur, such bagsror sudden deceleration manoeuvres,
safety applications aim to avoid vehicle crashes. Safety applications are designed to process high
hazard awareness towards surrounding environments (Uhlemann, 2015). The collision avoidance
system warswhen it is bo near to surrounding vehicles and adjust the vehicle speed
automatically (Qu et al., 2010). While mobile applications enhance the travel ability of vehicles by
warning drivers of the upcoming flow and recommending the corresponding speed (UK Govt.
Dept. Transport, 2019b). As for environment applications, they provide more information about
signal timings and phases to help drivers adjust the speed to pass througimtti®nwhen the

lights are green (Zlotchenko, 2017), and theaching the targets ofeducing stops or

decelerations frequency in a more efriend way.

Connected cars also have extremely promising prospects for development. The numbers of new
produced connected vehicles meet a booming surge in a future short period. The size of the
globally connected car fleet on the road in 2021 is estimated to be 237 million units. European

Union accounts for almost 30% of the globally connected car fleet with 76 million units (Martin
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Placek, 2021). In 2035, the size of the connected car fleet in thep&mdJnion is predicted to be

261 million units. In terms of the UK, 71% of all newly registered vehicles on road in 2019 are
estimated to be connected vehicles (Statista Research Department, 2022). From the statistics
forecasted by Statista Research Dapwnt, all of the new vehicles registered on road in the UK

would be connected starting from 2026.

The significantly demands for CVs in the future result in great development and profits in the CV
devices market. According to the statistics in 2020, thialtealue of the global connected cars

market was USD 55.56 billion, whilevibuld be expected to account for USD 191.83 billion by
2028(Fortune Business Insights, 202Rloreover, the generated revenue of the globally

connected car market in 2025 widach USD 198 billion, which is almost triple that of value in
HAMd 0! {5 TH O0OAffA2Y0 O0tsg{ LyGSttA3aISYOST HnAH
market is expected to reach USD 37.15 hillion in 2026, with a 7% compound annual growth rate
(MarketData Forecast, 2022). The market for Connected and Autonomous Vehicles (CAVSs) in the
UK is forecasted to be worth £41.7 billion in 2035, accounting for 6.4% of the global market
(Connected Places Catapult, 2020). These statistics indicate that the @visisimf passenger

cars, will be mainseam in the future road network. However, thstill need a process to transit

from a low CV penetration rate in the current stage. These statistics highlight the rapidly growing
tendency of CVs on roadsth a mass mount ofavailablereattime data. Understanding how to

utilise this connected information on improving urban mobility and reducing congestion and costs

is very important.

1.3.4Proposed urban signal controla connected vehicle environment

There is a gr&t number of researches being carried out to explore the future possibilities of new
urban signal control paradigms with more powerful effectiveness over UTC systems due to
restrictions of constructing new roads and principles of efficiently making usaitfd land
resources. The decisianaking processes of existing UTC systems completely do not incorporate
available new data from rising numbers of CVs. The development of connected vehicle
technologies brings unique opportunities for the improvemenudfan signal controls as they

can help junction control realize the state of road environments by delivering vehicular detailed
information (e.g. positions, speeds, accelerations). A study made by Olia et al. (2016) has
suggested that CVs have the potehtiéreducing 37% of corridor travel time by providing more
route information to drivers. A High Bid control algorithm was also proposed on the basis of
position and speed additional data and outperformed the MOVA control system as a baseline, in
terms 0f25% delay reduction achieved (He et al., 2012). These researches highlight the potential

benefits ofutilising CV information in traffic signal controls, hence why the stéditihe-art
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researches and this project concentraten developing new urban signadntrol systems by

incorporating connected data sources as inputs.

A series of urban signal control algorithms have been developed to solve road congestion
problems under connected vehicle environments. As discussed in Section 1.3.3, the number of
CVs islramatically rising and a great amount of data can be collected from CVs to provide a
better realization of road networks. Therefore, the statkthe-art urban signal control systems

are reviewed in this project (see details in Chapter 2) to understarat tvis been achieved in

this field, also which kind of connected data could be useful, how to use connected information in

the urban signal control paradigm and what are benefits of using such information.

Adaptive urban signal controls using CV data eamhinly divided into three roughly directions.

(1) payngattention to fully connected and autonomouwghicles' trajectory and incorporating

them into signal control schemes (Li and Wang, 2006); (2) central signal controllers optimize the
signal timing phses according to positions and speeds information of connected vehicles (He et
al., 2012); (3) considig different discharge sequees for each individual vehiclgroviding

prepared reservations for them atrnctions in advance, or optimizinghicle platoon sequence of
departures (Guler et al., 2016). They took into account connected vehicle information, such as
current speeds, positions, and headings used for describing trajectories and movements of CVs as
inputs of the proposed signal contralgorithm. A variety of vehicleased objective functions

were established as aims of developing control methods, for instance, reducing vehicle delays,

number of vehicle stops, queuing lengths, maximum vehicle throughputfuantion capacities.

Theanalysing results of a number of signal control researches indicated that the connected
vehicle signal control method significantly improves pieeformanceof vehiclebased objectives
against benchmarking existing control strategies. For instance, a f&iudg a proposed junction
signal control algorithnminimigng vehicle delay using information from CVs can decrease
average delay per vehicle by up to 60% compared to fixed time control (Guler et al., 2016).
However, in the latest years, researchers famisn testing the connected vehicle model in more
realistic scenarios and attempted to identify the possibilities of implementing these models in
realworld road networks. There are parts of researches that applied proposed models in more
authentic road emironments, like different traffic demand levels and various connected vehicle
penetration rates. However, only a small group of researchers attempted to consider vehicle

priorities at different levels given different vehicle occupancies.

10
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1.3.5 Potential kenefits of adaptivepersonbasedurban signal controls

In recent years, few studies introduced the concept of pefsased signal controls. Persbased

signal controls change the objective function for optimization from vehiated metricsin
vehiclebased controls to persorelatedmetricsand assign corresponding weights to CVs

according to their individual occupancy data. Optimal signal plans in péased controls are
expected to reduce travel times, delays and the number of stops of all peop&hicular

environments (drivers and passengers) and perform more powerful than vddasked controls in

this subject area. If this target could be achieved, the outlined problems above, such as enhancing
time loss savings of people, cost reduction, angroving person mobility are possible to be
improved. The pressures of increasing traffic demands in future can also be significantly relieved
by assigning more priorities to those highcupancy vehicles to encourage -shiaring

behaviours.

It is important to recognize the potential benefits that could be achieved if pedsased urban

signal controls are developed so as to determine whether the study of exploring peasea

signal controls is worthy. Although there are no completely remadyle persorbased urban

controls, theperformanceand effects of bus priority strategies can be taken as references due to
their similar principles of providing different priority levels to different occupancy vehicles (buses

and passenger cars) accordingly.

Daniel etal. (2004) conducted a survey of the impacts and benefits of signal priority for buses
through accessing a number of bus priority schemes in USA cities. The bus priority plans in Los
Angeles decreased 22¥% of overall bus travel time over no priorityatgy. Similarly, a 34% of
average bus delay reduction was found in Seattle when a bus was eligible for priority treatment.
These statistics highlight that the travel time andajeof buses could be reduced with higher
priority treatments. In this case,ralatively large number of passengers on busas save their
travel time total time losses and congestion cost savings will be higherttinase of low

occupancy vehicles. Therefore, exploring perbased signal controls has the potential of
reducing tavel time losses and related costs for urban people, responding to urban mobility

strategy in future.

The connected vehicle technology is also considered to be applied to Transit Signal Priority (TSP)
as real passenger numbers in buses are not incorpdratéraditional bus priority schemes.

Various public transport priority systems give priority to public transport (e.g. buses) in case of
priorities request (more details can be found in Section 2.1.2) by signal timing adjustments (e.qg.,
green extensionrecall, stage skipping) (Diakaki et al., 2013). With the introduction of Connected

Vehicles (CVs), TSP researches assumed that detailed occupancy information, which is a necessal

11
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data input in persofbased controls, can be collected from both connectedsgmger cars and
connected buses in the system. This makes the transit priority system better react to the arrival
statuses of public transits and it can be used to improveprdormanceof traditional TSP
strategiesBased on thighe research problemsf personbased controbecome if relevant
connected vehicle data is available in signal controls, what the decision algorithm would look like
to be, what are roles of these connected data and what kinds of benefits could be achieved by
personbased sigal controls over vehickbased controls. This research will be carried out to

answer these problems.

1.4 Unanswered questions for urban signal controls under CV environment

A number of connected vehicleased urbarunctioncontrol managements have bealeveloped

to identify the improvements brought by retime data from connected vehicles. However, the
majority of current research about urban signal control methods under the CV environment only
exploited a small part of available connected informatibteanwhile, they regarded all of the
vehicles on the road as are same and focused on vehicle delay rather than person delay. While the
connected TSP approaches, which provide higher priority to public transport vehisjgisethe

urban signal controlteategies that connected vehicles on road should be treated differently.
Besides, they attempted to insert or remove specific stagatbreaking the fixed stage

sequences in order to make give the highest priority to transits. There are sorrelate

papers that considered the occupancy levels in passenger cars and developedipessdrdelay
signal control methods. Few perstyased approaches also attempted to achieve perssated
objectives by incorporating occupancy data into their methods, bilit ohangé the objective

function value to optimize the signal plans.

However, there is no research that attempts to thoroughly investigate how pdrasad traffic
signal timing schemes and traffic vehicular systems would be if only considering thegessen
cars but different occupancy levels in urjanctions. The vehicular environments are
complicated in different areas and persbased controls should be waimbedded in both

vehicle situations with/without buses. There is also no research exploring the traffic signal control
paradigms by predicting the pgwnbasedperformanceof different signal timing choices without
the constraints of fixed stage sequences and-gonflicting phase combinations at every decision
inspired by public transport approaches. Besides, current researches do not account fdrehow t
junction control method will work if considering more realistic scenarios, such as coordinated
junction control managements, imperfect CV penetration rates and different traffic demand
levels, and also, suppamg the control algorithms for betteperformanceand stabilities in

various situations.

12



Chapter 1

1.5 Aims and objectives

The stateof-the-art urban signal control systems were developed using connected vehicle
information (e.g. instantaneous positions and speesdsile the persorbased controls require
additional vehicle occupancy datin CV environments, the occupancy data of each CV can be
obtained by cameras installed in vehicles or on roadsides. Vehicle occupancy detection
technology using cameras has been developed in most recent years and someheseae
proposed (see details in Section 2.3). TSP researches inspire the transformation from adaptive
vehiclebased signal control to persdrased signal control. The objective of reducing person
delay or travel time is possible to be accomplished lnyyfassigning priority levels to all vehicles
for the purpose of reducing more person delay, congestion and related costs over vadsele
signal controls. However, there is no research to understand how exactly the geased signal
control paradigmwould be, how to use CV data in more complicated situations such as large road
networks, and imperfect CV penetration rates and what are their benefits of them in-svoshl

case study. Three key research questions are outlined:

1. How exactly the persabased signal control paradigm would be?

2. Which kinds of data can be used and how to use them in pdrasead signal controls?
3. Are there any benefits to use the data in perdm@msed signal controls?

Aims: to better understand the impacts of occupairdprmation from connected vehicles (CVs)
on urban signal controls and the potential benefits of adopting them, in terms of peelated

performance

Objectives: 1) Investigating the relationships between vekialeed and perscehased signal

controls; understanding the current statef-the-art signal controls using connected vehicle data;

2) Proposing an Adaptive Persbased Signal Control Algorithm (PerSiJonction) to reduce

person average delay in isolated urban junction under 100% CV penetrat&n

3) Developing an Adaptive Persbased Signal Control Algorithm with Buses (PerSELen
which integrates bus mode into vehicular environments of persbased control; constructing
realworld case study to validate thgerformanceof the proposed ontrol method in isolated

junction;

4) Developing CoordinateHBersonbasedControl PerSiCofiNetwork) to extend algorithm from
isolated junction to multiple road networkand evaluatingts performancesin road network case

study;

13
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5) Propsing an Estimatin status ofUnequipped Vehicle with Occupancy (EUVO) algorithm to

improve the behaviours of PerSiChietwork under imperfect CV penetration rate environments.

1.6 Thesis structure

This section provides a descriptive summargefenchapters in this thesiselow:
Chapter 1: Introduction

Chapter 1 presents the background and motivatiahis research, points out the main
limitations of current urban signal controls and outlines the research aims and objectives, and the

structure ofthis thesis.
Chapter 2:General background

Chapter 2 reviews traditional vehielmsed controls and signal priority strategies to identify their
relationships and differences of them. The review of connected vehicle technology and data types
provides oppotunities to improve theperformanceand transitions of signal controls. The chapter
also reviews stat®f-the-art vehiclebased junction control strategies. The chapter points out that
most of the urban signal controls in CV environments are vebaéedcontrols and it is

important to develop persoibased controls.
Chapter 3 Personbased adaptive signal control background and concept

This chapter reviews the stat#-the-art researches in persapased junction control strategies
and signal controls witflexible signal plans. The discussion of the reviews indicates where the
present challenges in persdrased controls are, and what the critical gaps in the knowledge are.
The chapter firstly introduces the solutions of this research to fulfil the objestaved to make
contributions to the study area. The harmonised evaluation and validation frameworks for

proposed persofbased control algorithms are also clarified in this chapter.

Chapter 4 The detailed methodologies of proposed persdrased control algrithms

Chapter 4 proposes an innovative perdmesed adaptive control algorithm (PerSi€lumction) in

all passenger cars environments in isolated junction. PerSlQoction is developed with a three
layered dynamic programming systemrtonimise total passenger delay over specific prediction
periods. The approach is novel, as flexible phase combinations and stage sequences signal
schemes are adopted to explore optimal solutions for reducing passenger delay of passenger cars

from all feasible signal plgrossibilities in a certain period.

14
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This chapter then modifies the paradigm of PerSiQamction to be a Perseldased Adaptive

Control Algorithm with Buses (PerSicBms) and extends its scope of application into more
complicated vehicular environments daiming both buses and passenger cars. PerSELmnis a
scalable framework which can join different vehicle modes into the algorithm as it calculates and
estimates the possible discharging time of each vehicle with their respective parameters during

the optimization process.

This chapter also proposes a Coordinated Petsased signal Control algorithm (PerSiCon
Network) to extend PerSiCedBus to coordinated paradigms with flexible phase combinations and
stage sequences that would be implemented in mudtipinctions. The CV information from both
surrounding CVs and adjacent junctions can be acquired to enable junction controllers to know
vehicular situations within further range. To incorporate further information properly for
controllers to make adaptivsignal timing decisions to all surrounding vehicles with different
occupancies, the data from the adjacent junction willubdised as a supplement form of

predictive vehicle arrival time list according to vehicle trajectory data and signal strategy.

Chagier 5: Experiments and evaluations of persdmsed controls in isolated junction and road

networks

Chapter 5 reproduces an isolated junction and a road networkweald case study in

Birmingham, UK in SUMO simulation to validate ghegformanceof PerSiGn-Bus and PerSiCen
Network in more realistic situations respectively. Section 5.1 lists the assumptions and limitations
of evaluation frameworks in simulation. Section 5.2 introduces the location and geometry of the
case study area. Section 5.3 descrithesstraffic flow data sources for the case study area

obtained from manual traffic surveys and an online data portal. Section 5.4 elaborates on the
traffic flow data treatment process from the online portal collected by inductive loops to tbe O
matrix to generate traffic flows from different zones. Sections 5.5 and 5.6 describe the model
calibration and validation process, junction settings and vehicle parameters for simulation
experiments. Section 5.7 provides passenger count estimation for passengemnchbuses to
determine their occupancy ratios. Section 5.8 clarifies the general simulation operations. Sections
5.9 and 5.10 discuss the results of PerSiBos/PerSiCoiletwork operation and performance
changes to CV penetration rates, accumulatioretiweighted factors, predictive horizons and bus

occupancy levels.

Chapter 6mproving theperformanceof personbasedcontrol under imperfect connected

vehicle penetration rate
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Chapter 6 develops an Estimation status of Unequipped Vehicle with Occupah@)Blgorithm
to estimate the vehicle statuses of those unequipped vehicles based on several data types
collected from CVs, inductive loops and cameras. EUVO algorithm is proposed to improve the
behaviours of PerSiCexetwork under imperfect CV penetratiaate environments. To validate
the effectiveness of the EUVO algorithm, the enhanced PerSiNatwork augmented by the
EUVO algorithm is evaluated in the case study and its pdyasadperformanceare compared to

those of PerSiCeNetwork illustrated m Chapter 5.
Chapter 7Conclusions and future works

Chapter 7 summarises how the research works to achieve the objectives of the research, the
implementation procedure of proposed perstased control and discusses the opportunities for

future work.
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Chapter2 DSYSNJ f o6F O1 INR dzy R

2.1 Introduction

The growing traffic demands caused by increasing automobile fleets bring severe congestion and
mobility problems to urban road networks. Developing efficient urban signal controls is a major
way to mitigate thedelay conditions on urban roads and manage growing traffic volumes.
Therefore, this chapter provides a general background about the urban signal controls, CV
technology and their combinations. This chapter reviews a number of existing urban signal control
systems that have been implemett throughout the worldsummargseskey characteristics of

every control system before highlighting their limitations resulting from inaccuratetiraal data
collection infrastructures. In addition, existing urban signaitcas focus on vehickbased

optimization objectives rather than persdrasedmetrics The chapter thus justifies the practical
meanings of setting persaimased policy goals for urban signal controls and gets inspiration from
the reviews of existing traitspriority strategies. These two limitations need to be solved in

follow-up researches.

More adaptive and persehased urban signal controls need the support of greater detail levels of
reakttime vehicle information as data inputs. Connected vehiclenebtgy brings unique
opportunities for the improvements of urban signal controls. The chapter then reviews the
technical principles of connected vehicle communication technology, involving which kind of data
they canprovide and how they transmit redime messags to corroborate that how to

potentially improve the limitations of existing control methods.

After that, the chapter provides a comprehensive review of statéhe-art vehiclebased new
adaptive urban signal control paradigms designed for the fitaire, in which connected vehicle

data are incorporated. The chapter points out at which levels the urban signal controls have been
improved, and what are the remaining problems of the majority of sttéhe-art vehiclebased

signal controls in CV emm@nments.

The stateof-the-art transit signal priority strategies combined with connected vehicle information
are also reviewed. The revidvighlightsthat the research problems from adaptive persbased
urban signal controls are still not solved. THere, the chapter justifies the gap in knowledge of
current researches for adéipe urban signal controls, ainobjectives and the contributions of this

project in terms of persoiased controls and realistic situations.

The structure of this chapter is &slows: Section 2.2 provides a review of current prevailing

signal control strategies. Section 2.3 justifies the importance of penssed control and a review
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of bus priority strategies. [tointsout the potential paradigms of persedwmased controls ispired

by the review of bus priority strategies. Section 2.4.1 provides an overview of those advanced
technologiesvhich have beeintegrated into CV and ITS applications. The roadside infrastructure
data andon-boardvehicular data determine the degree joinction control performanceand

which data types are available to be adopted in signal control strategies. Sections 2.4.2 and 2.4.3
introduce the wireless communication channel and massage sending formats to realize how the
various data sources can bansferred between junction infrastructures and CVs. Section 2.5

then looks into the statef-the-art adaptive signal controls and reviews how connected vehicle
technologies optimize and broaden the control algorithm with diverse forms of input data, ¢ontro
objectives, Key Performance Indicators (KPIs) and control decision styles. Section 2.6 makes a

summary of generditerature and highlights their main limitation

2. 2 Existing urban signal control systems

The development of signal control strategi@m be traced back to 1868, when the prototype
coloured traffic light wasitilised in Westminster, England (Webster and Cobbe, 1966). After that
signal traffic lights experienced numerous changes including their hardware and design strategies.
The traffic control managements can be classed into three stages:tfiredactuated, and

traditional adaptive. Fixetime controls decide signal timings based on historically recorded data
and cannot react to fluctuating flow demands. Actuated methods and traditional adaptive control
strategies are developed to make responsive to traffic fttemnands by reatime data collected

from loop detectors. This section reviews the existing urban signal control strategies in the world
in four categories: Fixetime isolated control, fixedime coordinated control, trafficesponse

isolated control andraffic-response coordinated control.

As the mairjunction control means in urban roads, signal control systems with traffic signals in
different directions guarantee insurance for all road users (e.g., drivers, passengers, cyclists,
pedestriansfrom conflicting traffic streams. However,\itas alsdound later that the occurrence
of traffic signals led to severe delays and lower efficiency in the road network because of rule
restrictions on red traffic lights. Hence, the optimal traffic signal contraltsties have been
developed to seek the best solutiomdth the targets of reducing the total time vehicle remaining

in the junction.

Regardless of the design instructions and theories, the modelling junction layouts of urban traffic
signal strategies arguite similar: 1) ongunctionor road networkwhich arecomprised of a series
of successive junctions; 2) a number of approachieish arerepresenteddifferent road

directionsand a certain range of crossing area; 3) one or several lanes in each dppitdac
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vehicle queues and traffic flaa{Papageorgiou et al, 2003). Under such circumstances, the basic

parametersand factors of traffic lights that may affect the performance of control strategies are

listed as follows:

w

Cycle length: The total time reqad by operating a complete specific sequence of stages,
expressed by seconds. The cycle length is added by the durations of each stage and a
certain total loss time (Younes and Boukerche, 2016). The longer cycle length will cause a
higher traffic flow capcity in the junction due to the lower proportion of losses time
(Papageorgiou et al, 2003). While the total delay of vehicles will ascend as the long
waiting time for vehicles without green times.

Phase: Set of conditions that ftke pattern of movementindschedue for one or more

traffic streams during the signalling cycle (UK Govt. Dept. Transport, 2006). In general,
green light represents the acquisition of rigbftway priority and redight means stop.
Stageindication by traffic signals duringpariod of the signalling cycle that gives the

right of way to one or more particular traffic movements at the same time (UK Gowt.

Dept. Transport, 2006). The reasonable design of optimal numbers and specified order of
stages is the core of signal schemahijch can greatly improve the transport efficiency of

the junction.

Split: The green time proportion is proposed by the signal control systernmdividual

stage (Younes and Boukerche, 2016). Those stages witkofigiaty for larger traffic flow
demard should be rendered more duration.

Offset: The time difference between a defined point and a reference point in the cycles
for two successiv@unctions (Younes and Boukerche, 2016). Offset is an important factor
G2 NBadzZ G Ay WwW3aNB s fosruibifejuctiahd \Bhch rake@ie R A y 3

traffic lights turn green along senjainctions in the same direction.

Before reviewing the urban signal control methods, objective functions for signal controls and

KPIs need to be first introduced as they assential components to defs the signal control

optimization targets and evaluation standards. The most commonly used objective functions and

KPIs for vehiclbased signal controls are introduced in Sections 2.2.1 and 2.2.2 respectively.

2.2.1 Objective functions forvehiclebasedurban adaptive signal controls

As the main purpose of the adaptive signal control strategies, the different objective functions will

result in different behaviours of signal timing decisions. The objective funatichutes under

the CV environment could be improving junction efficiemoyn{misng vehicle delayminimisang

queue lengthminimisng number of stopaninimidgng travel time), increasing junction capacity
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(maximum junction throughput) or environmentatonomy tinimigng fuel consumption and
emission rate). In each proposed method the objective function adopted could be either one or
multiple (e.g.minimisng vehicle delay and number of stops with different weighted ratios

(Goodall et al, 2013)ninimisng the weighted sum of total fuel consumption and travel time of

the vehicle in (Li and Ban, 2017). The common used objective functions and requisite data inputs

will be listed.

2.2.1.1 Minimising vehicle delay

Minimising vehicle delay ijunctionis onepoint to guarantegunction efficiency through

eliminating thetravel time expense of waiting for avoidingllisionas much as possibl&€he total

delay of a sequence of vehicles in set N can be calculated by supposing every possible departure
time O for each vehicle c in this set minus the virtual departure tim¢cross time without

other vehicles and traffic signalhdthen findngthe distinctivecontrol state to reach minimum
vehicle delay value taking vehicle sequences in all phagesdtion into account (Yang et al.

2016) shown as:

aQe 0O TR

Alternatively, the total delays of vehicles are counted by the summation of queue lengths of all
phases during one optimizing horizon (one or two cycle lengths) (Feng et al., 2015). The proper
state variables and control variables are allocated to formriii@mum delay. Therefore, the
calculationof total delay needs previous testing free flow travel time for each route and possible
departure time of single vehicle, or queue length at various time steps, whichecarebsured by
CVs mentioned ineStion 24.1.

2.2.1.2 Minimising vehicle queue length

The optimal control methods based amnimisng queue length objective are developed by either
using current situations of queue length or future situations as refergntiee current situation
queue length metbd calculates the queue length for all phases in the junction at the moment
and selects the phase withe max combined queue length as the next phase (Kari et al., 2014;
Tiaprasert et al., 2015). The future method compares the vehicle queue length cosditier
different optimization strategies, and then implements thiee with the minimum metri¢Feng et

al., 2015; Islam and Hajbabaie, 2017).
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2.2.1.3 Minimising vehicle number of stops

Minimising vehicle stops, as a kind of channel to improve steadyrstaad save fuel
consumption, igseckoned by reducing the suaf all vehicles in a phase combinatithrat switch
speed to Gandthen accelerat to pass through thgunction (Guler et al, 2014). The number of
stops"Yw for individual vehicle c in set N eglsthe number of green light timéhat switch to the
current lane between its arrival time and departure time due to every vehicle sufffsom one
stopif failure to cross thgunction(Guler et al, 2014). Thus timeinimisng total numberof stops
of each combinatioris simplifiedto the sum of all carsonsidered shown as (Guler et al, 2014):

a0t Yo Yo GTHO

N

Whereo is the smallest index of car departing after the arrival of car c.

2.2.1.4 Minimising vehicletravel time

As the travel time can be detected and recordadinductive loops located at different positions
or CVsthe cumulative total travel time for vehicles in each laealculated. The vehicle
movement lanes witlthe highest combined travel timfor possiblecombinationphasesie.,
NEMA phases 2 &@ 4 & 8 in(Lee et al., 2013Wwerethen selectedor the nextdecision stage.
Or models based on travel tinoensider totalsummationof vehiclet travel time”Y  { o

as a function in terms aftatevariables and decision variable®d at time t within range of time

stepi toi (Liand Ban, 2017inimise it as:

a Qe AR @m0

2.2.1.5 Maximum vehiclgunction throughput

The capacity maximum models intend to improve the average number of vehicles left the road
network per urit time, which is also calletthroughput. Inlslam andHajbabaig2017)this target is
calculated by the number of vehiclés leaving the approdtlanei in all movements lanes M in
one phasaat time stepO 4, filteringthe phase witrthe highest value athe next control
variable, which is represented by:

i Ao 3 ¢mo
Sun et al. also improve the junction throughput by selecting maxirfiosmdemand in combined

lanes divided by corresponding lane numbers as evaluation criteria (Sun et al., 2018).
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The obijective of traditional signal control methods concentrates on maximising the throughput or
reducing vehicle delay limited by original daturces. The connected vehicle technology brings
diverse objective functions, being able to optimize the junction from multiple standards.
Meanwhile, high precision connected vehicle delay estimation and vehicle number identification

make adaptive signabatrol better performance.

2.2.2 Key performance indicators fovehicle-basedurban adaptive signal controls

KPIls are measurable, calculable values to demonstrate how effectively models achieve their key
objectives. KPIs in adaptive signal control undemeated vehicle technology are defined to

weigh the effectiveness of junction control strategies, moreover, comparing against the
benchmarking models, for instance, fixed time control and actuated control. KPIs also supply
researchers with ways to validagad calibrate the validity and reliability of their models and to

what degree they achieve the cost functions. Table 2.1 outlines a description of the most common
KPls adopted in adaptive signal controls and procedures of how to collect those datasBeside

Table 2.1 lists those KPIs selected by researchers to measure the effectiveness of their algorithm.

Table 2.1 Descriptions and measurements of common KPi&hiclebasedsignal contrad

KPI Description Measurement

The time a vehicle spends t( The time step end at

Averagevehicletravel time | move from the original point| destination minus the time

to the destination point start from origin

Theexcesgime one vehicle Travel time of individual

Averagevehicledelay

spends to complete its journe

than free flow travel time

vehicleg free flow time on the

same route

Queue length

The number of vehicle stoppe
behind the cross line waiting

for discharging

Count the number ofehicles
with speed 0 in each lane al

specialtime step

Throughput

The number of vehicle clear
from thejunctionor road

network per unit time

Count the number of vehicle!
disappear from the simulatiof

per unit time
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The number of vehicle enter
Count the number of vehicle
the junctionor travel along the
Flow N _ _ | enter the simulation per unit
specific road point per unit

_ time
time
The volume of fuel The fuel consumption mode
Fuel consumption consumption(e.g. gasoline) | adopted foreach vehicle and
vehiclecostper kilometer add up

o Use nstantaneousmission
The volume oémission(e.g.

FC, C® CO, HC, NOx) o ]
Emissions emissions each vehicle and a
produced by vehicleger

model to calculate the

up
kilometer

. The number ofravelling Count the number of stop by
Averagevehiclenumber of

vehicle switchts speed to 0 tracking each vehicle and
stop

and acceleration judging stop by speed variatiq

The observation of howobust

the model algorithm are Measure thecoefficient of
effected to different variationbetween the
Robustness to errors .
errors(@rrival paterns, performanceof any above ang
demand ratio, information designatederror type

level and others)

The KPIs mentioned in Table 2.1 are representative factors in the road traffic environment due to
validation of algorithm effectiveness towards the objectives of the model and are widely
acknowledged in signal control papers. Taguireddata collectiorfor calculatingKPlIs are
automated processes, for instance, GPS, speedometers, and accelerometdismad in Section

2.4. Those data are gathered in a specified way at the regular transmission interval within an
acceptable weltefined error margin. In contrast to manual data collection, electronic data
collection pattern by connected vehicle elimieatthe affection of human error. Therefore, KPI
data in this research can be regarded as both more accurate and reliable than the traditional
method. Remarkably, the improvements of KPI for one algorithm model are not only restricted to
its objective. In ther words, even though there is only one objective function in control strategies
the benefits could be various aspects. For instance, the CTT algorithm proposed by Lee et al

(2013) also found enlmcement toaverage speed, throughput, emission and fueisiamption.
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2.2.3 Review of existing urbasignal controls

Current urban signal control methods are generally classified into four categories according to
two parallel elements: 1) isolated or coordinated control decided by the scales of planning
objects;and 2) fixeetime or trafficresponse control due to different attitudes toward arterial

traffic flow (Papageorgiou et al, 2003).

w Isolated control: Eacjunctionis considered as an independent individual for signal
control systens, which is applicableof sparsely distributegunctions.

w Coordinated control: The signal control regards a large zone road network involving
Ydzf GALX S 2dzyOlA2ya & I ¢K2fSd ¢KS dzadza f YSGK2R
which let one or more streams in lanes in the sattirection pass through several
junctions smoothly without stojand-go to reach maximum vehicle throughput.

w Fixedtime control: The patterns, sequences and splits of each stage in the cycle are
determined by offline historical constant demands data befameth The values of stage
timings are variable, depending on a different given time of day (e.g. peak hour).

w Trafficresponse control: Traffic response strategies decide the stagangs and signal
timings orine by acquiring reaime traffic demand datgdusually measured by one or

two inductive loopsn each lane).

Thus, four types of signal controls combined with these features are formed:tfinedsolated
control, fixedtime coordination control, traffizesponse isolated control artcaffic-response

coordination control will be introduced in the following sabctions.

2.2.3.1 Fixedtime isolated control

Pretimed control assigns the right of way at a junction according to a predetermined schedule.
The length of the time interval farach signal indication in the cycle is fixed, based on historic
traffic patterns. The timing is repeated over and over regardless of the presence or absence of
traffic demand. As a result, it is critical to determine the valuesayfcle and split in fix@time

control.

There are different ways to determine the cycle length. Webster (1958) developed a relatively
simple expression to determirtee optimal cycle lengtld , based on total lost timé and the

sum of 71 ratios®at all junctionphases. The optimal cycle lengih is calculated as:

p&0 v

- (2-9)
p O

The sum ofi 7 ratios®is calculated as:
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A nx (2-6)

Recall that) 71 is the maximum ratio of the arrival flow rafg to the saturation flow raté at
all approaches at phas@ After the calculation ahe optimal cycle length, the splits of all phases
can be determined. For instandbge green time splitO at phase(zan be determined by:

17
08 b (2-7)
w

Besides the generadlescription of fixedime control provided above, there are also
someadvancedixed-time controls developed to optimize some specific objective va

in two groups: stagdased strategies anghasebasedstrategies:

a) One type bfixedtime isolated frategyreaches the maximum traffic flow capacity or minimum
total vehicle delay through optimizing the cycle and split timings, which aredcidgebased
strategies. SIGSEAllgop 1971ajnd SIGCARIlIsop 1976)are two weltknown methodsn this
category. The former aims to redutiee stream delay while SIGCAP attemptsiaximisethe
capacity for an isolateplinction. Assuming that both of the strategies predetermipphases for

one cycle and they divide the splits for each stage, knownlsh_ . Then have

- - - P (2-8)

Th

where_  0j @ L is the total lost time in the cycle and c is the cycle lerfgihvoid vehicle
gueue generation in each approach, the average arrival rate or demaofistream j should be

constrained bythe following inequality:

_ N (2:9)

note that i is the saturation flow of stream j, which means the average flow rate crossing the
stop line duringhe effective green timg. is a binary value anelquakto 1 if stream j has right

of way inphasei, otherwise the value is 0. This formula reflects that the flow demand should be
no more than the maximum possible saturation flow to prevent congestion according to the split
assigned for this approactther constraints such as minimum green time and maximum cycle
length are introduced ifAllsop 1971b) The Webster average delagtimation method

(Webster, 1958)under saturated conditions is adopted by SIGSET as an objective function, which

isshown as:
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wop QYo o
PTtgp Ni ¢n p

(2-10)

where'Q isthe average delay for each vehicle in streafi@jepresents the effective green
duration for approach jand 13 ¢)i Q. Therefore, SIGSET trsttie objective as a linearly

constained nonlinear programming problem by combining constraints with vehicle average
delay. As for SIGCAP, it replafed & & >1)soli KI G G KS Y E Acynddbutedol f dzS > GAf ¢

maximum flow capacity. Thus SIGCAP would find solutions by saluilegr programming
problem. It should be noticed that both SIGSET and SIGCAP are only suitable feamndeed

situations because of the capacity constraint.

b) Another class, phaskased strategies, considers optimal cycles and splits, as well as the
compatibility of stages. The phabased method (Improta and Cantarella, 1984) adopted a binary
mixedinteger linear programming methodology to test the stage specifications. In this way,
different combinations of stages are calculated by adding variebjnairy variables. The flexibility
and result of phas®ased strategies are inarguable better than sthgsed strategies. While the
computation and difficulty degree of phafased strategies step up to another level. However,

the off-line predetermined haracteristic of isolated signal control makes it regnificant.

2.2.3.2 Fixedtime coordinated control

Similar to the principles of fixetime isolated junction schemes, fixgitne coordinated strategies
also predetermine the settings of phase and sthgeed on historical dataut apply them to

larger scal@oad networks with several successive junctions. The main design concepts of fixed
time coordinated control seek a solution for the maximum numbegroEsingvehicles in streams
without stopping. Tkrefore, the coordination of traffic lights iequiredto satisfy that the bands
formed by all vehicles in one stream are covered by gtaeea on two opposite arterialsThe

illustration isshown in Figure 2.1.
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Figure 2.1 Time-distance diagram for traffic signal calimation on a fixed time plan (Hunt et al981)

As a representative of bandwidtbased fixed time coordinated control, MAXBAND was first
formulated by Little on a twavay arterial for the sake of maximum total progression bandwidths
(Little, 1966). A Mixed Integer Linear Programming (MILP) formulaiaddpted by MAXBAND to
specify the corresponding offsets sifjnals for their separati@nctions so that several decision
variables are integer. Littlet al. (1981}hen extended the original MAXBAND model to a new
vision for a triangle network with theearterials and a closed looghich wasalso based on MILP
formulation. Corresponding to a more rigorous mathematical problem, MAXBAND is designed for
an offline computer program so that it can automatically calculate the appropriate offset, cycle
length, split and leftturn phase sequence values for arterials. The MAXBAND determines the

weighted combinations of bandwidths as a globally optimal solution.

Later, MAXBAND applies to grid networks with multiple arterials and closed loops to maximise the
progression bandwidths, which is called MAXBAND 86 (Chaudhary et al., 1991). MAXBAND 86 is
the first attemptof fixed-time coordinated controat multi-arterials networksHowever,

MAXBAND 86 is regarded as an extremely simple assumption model without corgsigieen

split optimization (Chaudhary et al., 1991). The tremendous computations of MAXBAND 86 also
cause the system inefficient. PASSER Il is another bdtideptimization program by usirg

heuristic optimization procedure to decidbe best combinatio of offsets with thewidest bands

(Messer et al., 1973). While PASSER Il cannot be implemented in multiple arterials compared to

27



Chapter 2

MAXBAND 86. Due to the insensitive variations toward actual traffic flow limitations that existed
in these bandwidtibased moels, the MULTIBAND model is created by incorporating a traffic
dependent criterion into progression calculated procedures (Gartner et al., 1991). The
MULTIBAND figas out the individual bandwidtfor each special link, as well as maintains the
platoon ofthe vehicle stream. The flexible individual bandwidths along with varying traffic flow
make MULTIBANpPerform better, specifically reflecting on the significant decrease in vehicle
delays, number of stops, and fuel consumption over traditional modelgriRe] to the sensitive
traffic pattern matching characteristic of MULTIBAND, The MULTIB&N£Xhen generated by
absorbing this advantage and optimizing crossing arterial signal control variables simultaneously
(Stamatiadis and Gartner, 1996). TherefdJLTIBAND acquibetter measurements than
MAXBAND 86 when operating models into matterials road networks. PASSER 1V is also a good
attempt to optimize signal timings for closed grid mualtterial networks by combining multiband

and green splitsGhaudhary and Messer, 1993).

Different to the above bandwidthhased models, the delayased fixed time coordinated control
method Traffic Network Study Tool (TRANSYimmises the delay of the whole road network.
The TRANSYT model is contribute to seigatilitable offsets to allow the interactions of traffic
flows and continuous road sections (Robertson, 1969). The TRANSYT included a heuristic
optimization algorithm that leads to a simple but efficient method to find the minimum vehicle
delays as a repeentative of platoon dispersion and flow control. As an improvement of
TRANSYT, TRANSFTcalculates the performance index of variables in the road network to
achieve delayninimisation, given quantities of traffic parameters, such as splits, offsetgcié
time (Li and Gan, 1999).

TRANSYTF models havbeencommonly adopted in North America. However, the detaged
fixed time coordinated controleevealpoorer ability to optimize phasing sequence than
bandwidth-based controls (Gartner et al., 1991).

LinSig is another widely used fixaghe coordinated control which can be operated in either an
isolated junction or road networkoenprising successive junctioffdoore and Cheng, 2010). It
optimizes the signal timing plans to reduce delay or maximumrveseapacity. Different from
TRANSYT which is predominantly useful for modelling large networks, LinSig is more suitable to be
adopted in detailed modelling of junctions. Cyclic flow profiles are used in LinSig to represent the
patterns of traffic and quees for each cycle period and model the signal timing plans. The stage
lengths and offset can also be adjusted in LinSig to minimise delay for the whole network. As a

result, the LinSig outputs are deterministic and relatively stable.
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2.2.3.3 Trafficresporse isolated control

Trafficresponse strategies can detect whether a vehicle passes through the specified point at a
certain timeutilising the flag change function of buried inductive loops. The flag signal will
transfer if lanes are occupied by vehictxl the shoritime cruise speed of vehicles can also be
measured. Thus the retime vehicle flow will be a key parameter to arrange signal controls.
Microprocessor Optimised Vehicle Actuation (MOVA) is atieal selfoptimization isolated

junction contiol system with the target of reducing vehicle stops and delays, or maximum
capacity throughput during oversaturate periods (Peirce and Webb, 1990). Two loop detectors
are placed 40m and 100m upstream from the stop line respectively in the design of M@Gi¢A, w
are estimated to leave about 3.5 and 8iiesvehicle cruise time from loops to cross lines
(Vincent and Peirce, 1988)lore sophisticated vehicle actuation logiere then applied in

MOVA. The minimum green durations are assigned for every phabatseach lane has

sufficient time to discharge theemainingqueue in front of 40m upstream detectors (Lu et al.,
2014). If there is no vehicle detected from the related detectors, the control system will proceed
to the next determined stage. Otherwise, a critical interval of several seconds will be created to
extend the green durations of the current stage, clearing the vehicle at the full saturation rate.
The detection and additional interval step will be repeated until the green duration reaches the
maximum greerime or no vehicle is detected. Miller (1963) paged a more complicated vision

of MOVA, considering the opportunity to switch to the next stage (takes place at once or
postpone). The optimizing process solution balances the benefits of extending the green phase

against the losses of a vehicle stoppeddd lanes.

System D vehicle actuation is another traffic responsive control in the isolated junction (UK Govt.
Dept. Transport, 2006). As illustrated in Figure 2.2, three inductive loops are used in System D
vehicle actuation to replace pneumatic detectoil he furthest inductive loop is normally

distributed at 39 meters from the stop linA.green extensiorcan be schedulefbr the current

approach if a vehicle passes through the buried inductive loop or Above Ground Detectors (AGDSs).
Otherwise, the trafit signal will be switched from green to red light if no vehicle is detected in a

gap duration. The next two inductive loops are used for extending green duration.
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Figure 22 lllustration of System D vehicle actuation (UK/GBept. Transport, 2006)

2.2.3.4 Trafficresponse coordinated control

Traffic response coordinated strategies developed the isolated controls into netwidek
applications, which provide more practical significance than the latter. The characterfstics o
widely used strategies in this category are summarized in Table 2.2. Split Cycle and Offset
Optimisation Technique (SCOOT) (Hunt et al., 1981) and Sydney Coordinated Adaptive Traffic
Signals (SCAT) (Lowrie, 1990) are two first famous traffic resporssengawhich can be applied

in urban network scale coordinated junctions. SCOOT can be regarded as an improvement of
TRANSYT with similar principles. While the vehicle flow and occupancy measured and stored by
loop detectors are adopted to replace the lugtal data used in TRANSYT (Hunt et al., 1981). A
central online network model is selected in SCOOT to predict the traffic queues, delays and stops
repeatedly by every few seconds with the updated latestHtime measurements as input. The
consecutivealternations would be approved and implemented by local signal controls once they
are estimated to bring positive effects to the junction operation, particularly the prescribed
performance index. The structuad SCAT is a twlevel approach. fAie upper levepredetermines

the networkwide signal plan for centre control and the decentralised level adjusts the signal
control strategies so that they can fit with major traffic situations (Lowrie, 1990). However, in the
initial trials towards more than one junctigthe limited effects of subtle alternations in answer to
changeable adjacent upstream flow against the fixed time plan cannot satisfy the rapid flow

changes.

After that, a series of modddased traffic response methods are proposed to better visualize

urban control challenges as combinative optimizations without demonstrably splits, cycles and
offsets. Optimisation Policies for Adaptive Control (OPAC) (Gartner, 1983) provided a feasible and
promising complete enumeration method for considering all pdesifiteger switching times.

While PROgramme DYNamique (PRODYN) (Henry et al., 1984) adopieebhdignal setting

approach which places decomposition coordination at the upper level and dynamic programming
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hierarchical algorithm at the lower level. Camic programming is also applied in Riale

Hierarchical Optimised Distributed Effective System (RHODES) (Mirchandani and Head, 2001),
responding to predicted redlme vehicle arrivals, platoon arrivals, traffic flow rates and queues in
each junction. Grrent road capacities, vehicle travel times and network disruptions can be
measured from loop detectors and videos as inputs of a hierarchical architecture in RHODES to
FOGAGIGS GNIYFFAO aAdylf o0SKIQOA2dz2NE® llowadd [ . ! b5
similar hierarchical control architecture to identify the variety of vehicle platoons and predict

their movements.

An approximate traffic model developed from the theory of MAXBAND boosted the throughputs
of the detected platoons in networks, as Was balanced the benefits of two conflicting
movements to decide which one is awarded priority. ALLLONBorche and Lafortune, 1997) is a
traffic response decentralized method combining dynamic programming and rolling horizon,
carrying out the signalriing results in a short roll period decided by a larger horizon plan. The
plan decision is updated every few seconds based ortiraalmeasurements. MOTION (Brilon

and Wietholt, 2013) also executed separated local junction network signal controls segond b
second in a thredevel optimization system to promote operational efficiency than SCOOT and
SCAT.

However, all of the above modbhsed methods solved the urban coordinated signal control in a
perspective of global network minimum, resulting in expatiercomplexity of algorithms so that

they are barely applicable to more than one junction in actual operation. On the contrary,
CRONOS (Boillot et al, 2006) built a polynomial complexity algorithm heuristic achieving local
minimum so that the optimizatiosolutions would be founded faster. Video sensors are used in
CRONOS to seize vehicle spatial position, density and queue length on the road for simultaneous
working out strategies under several junctions. One common challenge of those -trexskd
approacles is that they do not consider the downstream vehicles for each junction, hence they

are not suitable in saturated flow conditions (Papageorgiou et al., 2003).

The storeand-forward models are designed for various urban road traffic controls to pravide

more efficient and feasible approach than modbelsed strategies (Diakaki et al., 2002). By
abandoning discrete variables as parameters inside traffic flow demand descriptive mathematical
models, storeand-forward methods opened a new era for coordinatgyhamic strategies. A

crowd of highefficiency optimization programming methods are frequent occurrences. The
examples include linear programming, multivariable regulators, nonlinear programming and

guadratic programming. Bevel programming (Yang andgéa, 1995) and mixed integer linear
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programming (Lo et al., 2001) approaches have also been explored to be available in over

saturated traffic flows.

2.2.3.5 Discussion and conclusion for existing urban signal control

The main drawbacks of fixdtne strategies are highlighted in several aspects. The most obvious
feature of fixed time controls is the predefined 4difie signal timing schemes according to local
historical observed data. Thiata collectiormode makes tlem cannot respond tthe temporal

and spatial variations of traffic flows. In actual circumstances, traffic demands are inconstant both
at a time of day and on different days because of special events, festivals, and week attributes.
The longterm trafficdemands and turning movements are also unfixed. The unpredictable
disturbances will cause heavy interference in traffic conditions. All of thibsations indicate

that the effects of fixed time controls will be poor, which becomes a major problem tadeov
junction efficiency. Moreover, the optimizations of fixéthe signal controls are only developed

under saturated flow conditions, which fail to considiee oversaturated situations.

Isolated response signal controls (e.g. MOst#gnge the operatiomvay from fixed time controls.
However, they still fail to exploit the full characteristics and potentials of urban signal junctions,
for the reason that they ignore the correlations among modelling junctions and surrounding
junctions. The signal control magements need to be coordinated within a region of related
junctions, guaranteeing the delay reduction in the urban transport network rather than a

particular space.

Coordinated response urban signal controls have evolved from fixed time and ibsigiel
controls with betteroperationally treatment of traffic volumes and network scales. Therefore,
they are the most powerful signal control method among these four categories due to their
practicabiliy in largerscale road networks. In addition, thayake responses to dynamic flow
demands to a certain degree. Table 2.2 summarises the prevailing traditional adaptive

coordinated control strategies and their key characteristics.

Coordinated response urban signal controls provide additional sensorgf@liged operators,
enabling them to sense the state of the road network and approaching vehicles. The data they
collected is processed by control algorithms and made-ties signal decisions corresponding to
dynamic traffic volumes. However, from TaBl@ most of the data collection sensors used by
coordinated traffic response control strategies are inductive loops or camera/video sensors. From
the perspective of cost and stability, the loop detectors' expense of installation and maintenance
is consideable. Thus the loop detectors were only installed upstream and downstream of the

road links (Hunt et al., 1981) and cannot cover the whole network. Moreover, once robustness
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errors occur to loop detectors, the data collection and control behaviour of ¢oateld traffic

response would heavily degrade (Feng et al., 2015).

On top of that, all of those sensors collect data at fixed points, which can detect the numbers of
vehicles when they pass through the places where inductive loops are embedded (Younes and
Boukerche, 2016). These census data only provide a snapshot of the state of the road network,
being less capable of describing detailed information. More concretely, the SCATS and SCOOT
models can only provide slightly alternations against the fixed @fates with limited effects.
Although OPAC and PRODYN introduce queue length as new data resources in their models,
advanced knowledge of queue length and vehicle arrivalelaaiengingo be obtained in the
circumstances (Gartner, 1983). The predictiohgehicle movements (e.g. arrival time, vehicle
aAT S IyR @SKAOfS alLIlSSRa 05StftQnhfyY2 IyR aiNDK
RHODES and REALBAND are also not so accurate because of the stochastic nature of vehicular
movements (Lee et al.023). To improve these limitations, new detection and communication
technology is required to support urban signal controls to have a better understanding of
vehicular and road network states. Connected vehicle technology is such a choice to provide

abundant data resources for the signalized controller, which is presented in Section 2.4.

Another limitation of traditional urban signal control can be observed from Table 2.2 that all of

the policies adopted are vehicleased signalized optimization (erginimising total vehicle

delay). In other words, these strategies regard all of the vehicles on road at the same priority
level. Such vehiclbased objectives result in unfairness to those vehicles with high occupancy
vehicles and passengers inside vehicldscivis also not consistent with the future city

development target of enhancing person mobility projected by UK DfT and European Commission.
It is more valuable and realistic to apply perdmsed optimizatiorapproachesConcerning this,

Section 2.3 jusfies persorbased policies and performance indicators for urban signal controls.

Table 2.2 Key features of currertoordinated traffic responseontrol strategies
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2. 3 Transform urban signal controls fersonbasedparadigm: reasons

and inspirations

The review of existing urban signal controls in Section 2.2 concludes that all of the systems
operating throughout the world are vehicleased optimization policies and take into account that
all vehicles on road are ¢hsame. This section elaborates on the motivatiohselectingperson
based objectives and performance measurements. However, the transition from vbhixdel

signal controls to persehased approaches is a challenging task. Both new kinds of data source
and new signal control algorithm paradigms are required. The urban signertbl-based priority
methods, which are most commonly incorporated in urban junction managements, award high
priority levels to public transport so that they can pass throughrtta sections and junctions as
quickly. By reviewing these strategies, the different treatments of public transport vehicles and
passenger catgans may provide inspiration to the walgsw urban persorbased signal controls

should be andelated potential challenging problems.

2.3.1 The meanings giersonbasedurban signal controls

Over the past 50 years, personal transport, which was dominated by private vehicles, has been
rapidly developed to provide users with a high degree of foeedy enabling theno arrive to

any location they want. However, the massive adoption of private vehicles in urban areas also
leads to heavy congestion and related negative economic and environmental impacts (European
Commission, 2020). Therefore, addressing future persohilibpchallenges in cities has been a

critical subject area in Science for Policy report by the Joint Research Centre (JRC) to support the

34



Chapter 2

European policymaking process ((European Commission, 2020). With the signal control system
widely deployed in urbanetworks, one of the most efficient ways to enhance person mobility is
developingpersonbased signal controls to provide preferential treatment to those vehicles with
high occupancy (Christofa et al, 2013a). Several people in one vehicle with higly deet

chances to greatly enhance tipeoplemobility compared to one person in the same vehicle as

the former one achieves multiple travelling with one vehicle.

¢ KS NBLRZNI daCdzidzNBE 2F az2oAfAdGey ! Nbly {dGNXGS
of the UK government in 2019, discussing the challenges and opportunities of urban transport in
future and strategies that may improve transport mobility (UKAGDept. Transport, 2019b).
Reducing congestion and better utilisation of limited urban road spaces is one of the important
targets for future transport innovation in this report. The traffic volumes in England and Wales are
forecasted to increase by 558étween 2015 and 2050 if the vehicle occupancy level decreases
from 1.5 to 1.3 (UK Govt. Dept. Transport, 2019b). This prediction value is far beyond a 5%
increment of traffic volumes if average vehicle occupancy increase to a level of 1.7. It is worth
merntioning that the forecasts are made before the CO¥&pandemic and could not have

foreseen the influence of the extraordinary circumstances on the traffic volumes and vehicle
occupancy on road. In 2020, the average car occupancy in the UK decreast@l aodtotal

vehicle miles decrease?ll% compared to that in 2019 (UK Govt. Dept. Transport, 2021a). Travel
demand and mode preferences (from public transport to private vehicles) have shifted during
COVIBL9 pandemic situations compared to normal situagadue to trip restrictions imposed by
authorities and fear of infection by individuals (Abdullah et al., 2020). However, as discussed in
Section 1.1, this unusual trend will not last for long period. Overall, the occupancy levels of
vehicles in the netwd still seriously affect the urban road traffic conditions. Therefore, one of

the urban strategy innovation principles which are expected to be underpinned by the

government is described as follows:

Gaz2oAtAde Ayy20F A2y Musiagh mérsdfitiéntiuge oMiditRtzO S
road space, for example through sharing rides, increasing occupancy olicdainsg

freight.

There is finite road and pavement space in our towns and cities, many of which were laid out
long before the advent of motized transport. The lower running costs enabled by new
technologies and business models could worsen congestion if vehicle ogcapdnoad
FILOG2NR NBYIFAY 246 d¢
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Personbased urban signal control is such a concepii@hework thatintends to offer highe

priority levels to high occupancy vehicles in the urban road network. Pdrased signal controls
are designed to put more emphasis on pergefated values and provide better strategies to
improve average person delay. Besides, the promotion and imghéation of these strategies

are advantageous for caharing policy realization. Those people who are willing to share cars
with others would be more likely to cross the urban junctions quicker. Therefore, the researches
for personbased urban signal comts are consistent with the future strategic target of urban

transport mobility.

Public transport priority system is operated in such circumstances where bus occupancy is higher
than passenger cars in most cases. The measures for qualities and capatfilitidolic transport
modes and tools are determined based on passengers' load capacities in the same situation, not
merely departure frequency. For public transport modes, the higher vehicle carrying capacities
are transited by seat numbers multiplyingspeective load factors, considering carriage sizes, seats
and well as standees (MacKechnie, 2017). So that the capacities of bus transit, light rail and
subway can be regarded as 90, 90 and 100 passengers per vehicle per grade separately
(MacKechnie, 2017Rassenger capacity is one of the most important factors to measure the
performance of public transit modes (MacKechnie, 2017), which refers to how many passengers
can be carried by one mode per hour. This index is calculated by passenger number of @ne mod
and operation frequency, indicating the importance of considering people in the vehicle. In
addition, high occupancy vehicle (HOV) lanes are designed to provide a dedicated passageway for
those vehicles with high occupancy (minimum occupants of 2 on@8peohibit low occupancy

vehicle (Institute for Transport Studies, 2018). HOV lanes are a road strategy to award higher
priority to portion vehicles based on numbers of people and have been applied in Leeds, South

Gloucestershire and other cities (Instiéufor Transport Studies, 2018).

Most of the current signal control researchers set their goalsiasmisng vehicular delays and
attempting to offer more vehicles to pass through the junction at the same time in the absence of
passenger information corggration. In some ways, reducing vehicle delays is equivalent to
reducing person delays if identical number of people in each car. However, the average value of
car occupancy is 1.6 according to statistics from UK DfT (UK Govt. Dept. Transport, 2019a).
Although there are no specific distribution proportions of different car occupancies released from
UK DfT, the distribution of car occupancies (excluding drivers so that the value can start from 0)
can be estimated in this project with proper assumptionss8am distribution is a proper model

that helps to describe the discrete probability distribution of the number of events occurring in a

given period/space interval and having a known constant mean value. In this case, a thing that
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happens in a period/spadaterval is replaced by a passenger sitting in a vehicle. The Poisson can

be used once all of the criteria are satisfied:

1 Thenumber of independent trials is large: in this project, the number of vehicles on road
inthe UK is a large value;

1 The probability obccurrencen one experiment is very small: for individual passenger,
the person can only be inside one of the velsaad the probability of person in a
specific vehicle is very small;

1 Theevents are independent: for any two passerge passenger in a vehicle is
independent & another person in a vehicleh& relaionships between two passengers,

(e.g. family members, friendgye nd considered for simplification

From the analysis above, the probability of car occupancy (exclddiveys) in a vehicle can be
assumed to follow the Poisson distribution. Thus the distributions of different car occupancies are
calculated in Table 2.3. As a typical passenger vehicle can load at most 3 passengers, the
probability of 3 car occupancy irvehicle in Table 2.3 is the summation of the probabilities of 3

and more passengers in a vehicle.

Table 2.3 Differentprobabilitiesof carsoccupanciesrom 1 to 4in a vehicleassumed Poisson distribution

with a mean of 1.6

/' NJ 200d n M H 0
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In Table 2.3 it can be found that the probability of a car with high occupants (2 or more occupants
in a car) is around 46% of the total amount with a mean occupancy value of 1.6. The-passaon
control could be properly proposed to reduce delays of those HOVs to achieve pelated
objectives. In addition, the statistics of average car occupancies sorted by different time of days
and vehicle types are also released by UK DfT, which can be seeres 2.d4tdnd 2.5

respectively.
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Table 2.4 Average car occupancies sorted by time of days and journey purposes in UK ituROGO\(.

Dept. Transport2021b)

Weekday
7am | 10am | 4pm | 7pm Weekend Al
y i '? FI) Average | Ayerage Week
Journey Purpose 10am | 4pm | 7pm | 7am Weekday Average
Occupancy per Vehicle Kilometre travelled

Work 113 1.16 1.5 1.17 1.15 131 1.16
Commuting 113 115 1.14 1.15 1.14 1.21 1.15
Other 1.71 182 179 1.79 1.79 2.12 1.91
Average Car 135 1.63 143 1.45 1.48 2.01 1.61

Occupancy per Trip
Work 1.20 119 117 1.18 1.19 1.26 1.20
Commuting 1.17 115 1.16 1.18 1.17 1.24 1.18
Other 168 165 1.71 1.66 1.67 1.90 1.73
Average Car 1.43 1.55 1.48 1.48 1.49 1.81 1.57

Table 25 Average vehicle occupancies sorted by vehicle types and journey purposes in UK idi000 (

Govt. Dept. Transpor202Db)

Weekday Weekend All Week
Vehicle Type Average Average Average
Journey Purpose Occupancy per Vehicle Kilometre travelled
Work (freight) 1.20 1.26 1.20
LGV Non Work 1.46 2.03 1.59
Average LGV 1.23 1.35 1.25
oGVl Work only 1.00 1.00 1.00
OoGV2 Work only 1.00 1.00 1.00
pPSV Driver 1.00 1.00 1.00
Passenger 12.20 12.20 12.20

From Table 2.4, the average car occupancy values during the weekday are lower than those

during the weekend. The average numbers of passengers travelling with the purpose of work and
commuting are compared to be less than the numbers of passengers with ptinposes.

Comparing the values in different tir-day periods, the average car occupancies at morning

peak hours are slightly lower while the car occupancies at4mdak periods are relatively higher
thanthosein other periods. From Table 2.5, theerage occupancies of Light Goods Vehicles

(LGV) and Other Goods Vehicles (OGV) during weekdays are also less than those values during
weekends. The occupancies of Public Service Vehicles (PSV), for instance, buses, are considerable.
In summary, UK car ogpancies fluctuated between 1.1 and 2d2pending on the various

variables of travelling purposes, vehicle types and different periods of the day. Moreover,

38



Chapter 2

supposing that car occupancy is a constant value, the car occupancy sequences arriving from
different lanes and approaches to the junction in a short time also have large quantities of
combinations. The vehicular situations and potential varying traffic demands for pbesmu

controls are much more complicated than vehibkesed controls and TSP appches. The
persontbased control paradigms therefore should be designed to be more adaptive to different
vehicular situations, and flexible to consider different possibilities of signal timing plans and their
function values. Even if the HOVs on roadet@emely low proportion and almost all vehicles

are under the same priority levels, the optimal strategy adopted by veba$ed control is one of
the potential solutions which should be considered in the persasedcontrol desigrto ensure

its performance.

2.3.2 Traditional transit signal priority

Public transport priority strategies and other forms of priority methods are dominant to be
implemented in many cities in several decades, proceeding from better making use of limited
road space with the tger capacity tool. All forms of bus lanes and HOV lanes are designed to
segregate those priority needed vehicles and normal cars. Compared to those dedicated priority
methods resorted to facilities, giving priority to traffic signal situations is moreeusial due to
unavailable facilitbased systems and most cases existing traffic lights (Diakaki et al., 2015).
Under urban traffic lights network circumstances, approaching vehicle priority (e.g. bus) is quite

realistic and achieved by adjusting signalitig settings.

A series of traffic response control strategies mentioned in Section 2.2 alter their signal timings to
give priority to public transport without severe disadvantages to other traffic, such as bus priority
in SCOOT (Hunt et al., 1981). Manprity methods at urban traffic lights are flexihljilised. The
green time extension is applied for those approaches which detect the public transport upon
lanes and request to clear beyond the normal greiemet The recall method shortemgeen time

of the phaseswithout detecting public transporand move them to thgohases wittbus routes.

The stage skipping method directly cancels one or more stages against the prior setup sequence
to provide service for priority vehicles. Stageorelering also disturbs the signal timing ranks and
selects the activate stage as well as later stages according to bus information. Green wave
strategies are frequently served for emergency vehicles to allow them to pass through several
junctions with all gree signals to reach higlevel priority. All green for bus method helps bus

arrive at the lane stop line with green lights anytime. Compensation methods will recover the
normal signal control operation once the priority vehicle is detected disappearingtfretane.
Current signal contrebased priority methods select several options from the above skills to

achieve their method, which can be classified into passive priority and active priority methods.
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2.3.2.1 Passive priority method

The passive priority athod acquires the public transport vehicle information and timetable
considerwhich flow streams will contain more priority vehicles. Higher green times towards those
flows are weighted and allocated in advance. TRANSYT method also formulatestanfixpthn

for the whole network corresponding to public transport (Robertson, 1969). This coordinated plan
makes use of rough buses and tram lines' arrival information and their frequencies without
detecting approaching priority vehicles. VISGAOST is anptbgram determining appropriate

signal light parameters including cycle, offsets and stage sequences withlare@énetic

algorithm (Stevanovic et al., 2008). Green extension or stage recall signal priority optimization
limited by maximum green witle operated in case of priority request, and then signal settings
beforehand will be recovered. However, passive priority methods appeared to be inefficient,
which attributes to the high accuracy degree of priority vehicle streams forecasting and
information acquisition. The inappropriate signal timing arrangement for actual missing or

unpredictable priority vehiclelringseven more negative effects than normal signal controls.

2.3.2.2 Active priority method

Owing to bus loops, public transport receiversother detectors, active priority methods attempt

to overcome the shortcoming of passive methods by sensing each public priority vehicle arriving
on the road Higherpriority schemesre only assigned for buses once they are detected.

Therefore, the minimmm requirements of active methods are Selective Vehicle Detectors (SVD) to
gather realtime public transport approaching data. The SCOOT system installed a variety of
facilities to provide priority to public transport vehicles (Hunt et al., 1981). Be#likeshe

system also implemented active strategies such as preventing red light stopping, stage recall and
stage skipping for individual heavy delay busesch arewidely applied in London, Glasgow,
Southampton, York and many other UK cities (Olivito et al., 2009).

SCATS system, whishmainly appeared in Australia, Canada, and Brazil around the globe, also
adopted green extension, stage recall, stage skipping, special stage, and stage reordering as
means of serving late priority vehicles (TCER8). While it treated different kinds of vehicles as
three layers: highest priority for trams, medium layer for buses forbidden stage skipping, and low
priority for other vehicles. Different levels of priority framework from no priority to absolute

priority also performed in the lower layer of thevo-layerBALANCE system, making it responsive

to the lateness degree of public transport and traffic demand (Fox et al., 1998RRBRIO made
decisions on whether the buses are out of the green schedule amthyto provide priority via

green extension or stage recall (Fox et al., 1998). Upon separation of buses from other vehicles by

SDVs, MOVA gave general priority means to a bus (Fox et al., 1998). Similarly, SPRINT also sought

40



Chapter 2

the earliest possible chancés clear the buses selective from the junction when individual buses
were detected (Fox et al., 1998). Different from the above strategies, PRIBUSS developed flexible
priority programming based on Firbt-FirstOut (FIFO) theory which enabled engineerselect

the traffic situations, procedures, limitations and other parameters (Wabhlstedt, 2011). This

system can be available in isolated junction or coordinated signal control, becoming the main

public transport priority method in Sweden.

Another sort ofactive method relies on optimization techniques rather than explicitly
consideration of signal timings. The vehicle priority part of PRODYN took into account public
transport equivalent to a single vehicle platoon comprised of several normal vehiclescto re
minimum delay in the junction (TCRP, 1998). Quite similar to PRODYN by leaving off traditional
cycle length and green splits, SPPORT considered whether to terminate the current stage or not
and which phase could be awarded the next green duration atyegtecision point (Dion and
Hellinga, 2001). BUSBAND priority system can either transfer buses into ordinary cars with
weighted values or add a constraint to the network control logic thus providing bus priority (TCRP,
1998). As an updated version of BUWBID system, CAPRI operated quite similar logic to the
former one via additional predicted public transport;grade rails and trains arrivals

(Mirchandani and Lucas, 2004). DARVIN also predicted vehicle movement conditions and
identified network quality pon integration of buses and other vehicles to perform instantaneous
signal control settings adaptively (Duerr, 2000)e btlevel priority optimization systesy SPOT
(TCRP, 1998) and MOTION (Gardner et al., 2088ided on the central component sigrsatting
optimization at the upper level and provided local parameter adjustments calculated by the cost

function at the lower level.

Urban junction priority systems were then improved by more advanced detections which are
capable of accessing more detail@ad accurate public transperelated data than SDVs. The
instances include Automatic Vehicle Location (AVL) and Global Positioning Systems (GPS), which
make multiple detections points feasible. iBus system in London is such a representative (Wong
and Hounsell, 2010). Instead of costly physical hardware detections installed on urban road fixed
places, AVL and Gigprove theflexibility of iBus systemwith locations and other information.

The system is also cesaving by replacing thastallation and maitainingcost of those

numerous bus detections on street.

2.3.3 Discussions and conclusions

The priority schemes for public transport vehicles are applied to respond to the government

policies of promoting public transport operation. The detectors and sensors such as SVD or AVL
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are capable of detecting the locations of public transport vehiggs@aching the junctions,

delivering the information to the decisiamaking algorithm and adjusting signal schemes to be
biased towards buses with higher occupancies. Through the review in this section, traditional TSP
strategies are challenging to be cahered intelligent and adaptive since the special detectors
dedicated to public transport vehicles can only provide location information and not be adequate
to predict accurate arrival times for buses. Those schemes also only take into account whether
the public transport vehicles are approaching, neglecting the real occupancies in them and
passenger cars. Most importantly, public transport priority systems are designed merely for
providing priority to limited buses and are hard to be implemented in petsased urban signal

controls where different occupancy levels of all vehicles should be fairly modified.

However, there are still two inspirations from the review of existing urban signal cerasad

priority schemes for persehased urban signal contml The priority methods treat differently

public transport vehicles and passenger cars, as public transport vehicles can load a great number
of passengers far beyond those in carseoccupancy level differences make the signal control
system provide difrent priority levels to them. Servings for public transport vehicles first are
accessible to support more travellers less suffering from junction delay and congestion to achieve
people mobility target. Some studies investigated the travel time and dedagflis of TSP. An

early field experiment of TSP in Louisville, Kentucky reported19® time savings for buses
compared to those without TSP (Capelle et al., 1976). Another trial in Virginia found 2 5%

travel time savings for express buses, 4tBa& savings for local buses and an 18% increase in
average travel time for all traffic when unconditional TSP is executed. Hounsell et al. (1996)
reported a 20% 30% bus delay reduction with TSP in SCOOT. Wahlstedt (2011) reported an
overall 6% travel e improvement for buses from two directions but up to 13% and 6% travel
time increment of other vehicles on the cross street and main street respectively. From these
researches, traditional TSP methods were found to improve the travel time and delageasf bu
compared to the cases without bus priority. However, they also made impacts on other vehicles
on road and even negative impacts like the results reported by Wahlstedt (2011). One of the
challenges of the persebased control paradigm is how to achigbe objectives of reducing the

person delay of all vehicles with and without the presence of buses.

Another inspiration is that the stage sequences of persased urban signal controls may not be
as fixed as a vehicleased system. The fixed stage sequesapplied in existing signal controls
make them only decide the duration of the separate stage for the convenience of
implementation. This will not significantly disrupt tperformanceof signal controls when all
vehicles are assumed to be the samec8ihigh priorities are occupied by public transport

vehicles and their common arrivals conflict with current green active stages, priority signal
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systems take a series of measures, such as stage recall, stage skipping, and stage reordering to
avoid these tcumstances. The measures break the stage sequences, allowing public transport
vehicles to pass as fast as possible. The pebssed signal controls can also adopt complete

flexible stage sequences to make sure of passages of those high occupancyyvehicle

Notably, the realizations of persdvased urban signal controls need not only detailed information

on the state of vehicles and road networks, but the occupancy information from all vehicles as

well for a better understanding of priority levels. Thestixpoint detections for existing urban

systems discussed in Section 2.2 are not capable of collecting such an abundant level of data. New
connected vehicle technology offers opportunities to shift existing urban signal controls to be

more adaptive and coespond to variable traffic situations. In Section 2.4 connected vehicle
technology will be introduced to reveal the opportunities it brings to widen the affordability,

availability and accessibility of urban signal controls.

2.4 Review of connected vehictechnology

High levels of detailed and accurate réiate information are the prerequisites for the innovation
of urban signal controls. Connected vehicle technology enables all of the vehicles and junction
controllers in a certain range to be connediyvilt absorbs the variety of current mature data
collection and wireless communication technologies, fundamentally changing the ways how
traditional sensors monitor the state of roads. This section provides a detailed survey for
connected vehicle technofsy, including the data collection technologies it adopts, data type
available, wireless communication standards dedicated used for transport mobility and related

standardized message sets designed for information delivering efficiency.

2.4.1 Main datatypes and sources for connected vehicle communication

Collecting traffic environmentelated data is positively the first step to constructing a new

adaptive signal control paradigm. ITS technologies are combinations of advanced vehicle sensors,
smart infrastructure, GPS navigation and other advanced modules to provide an inforanetion
platform for junction management. Available data information participants and devices include
pedestrians, vehicles, road infrastructures, sensors, as well as managesnématsc(Qu et al.,

2010).In general, the data souramllection system is comprised of vehioleboardunits and

roadside infrastructures (Olia et al., 2016y-boardunits utilise different components (as shown

in Figure 2.3) installed on the body of @ acquire individual vehicular parameters. While road
infrastructures gather the road conditions and vehicle flow or tracking information. This chapter

summarizes common acquisition devices and data sources respectivelytimard units and
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roadside mfrastructures, which are relevant to this project. Comprehensive descriptions of
available technologies in connected vehicle communication systems for both vehicular and

roadside data are outlined in Table 2.5 and Table 2.6.

AUTOMATED/CONNECTED VEHICLE
LIDAR

- ‘_J_____________. Camera

wheel encoder

On-Board Unit, emaps RADAR

ultrasonic sensors

Figure 2.3 On-boardunits on connected vehicl®iakaki et al., 2015)
On-board unit data sources

Theon-boardunit equipment can be roughly divided into five classifications: GPS device,
vehicular camera and video, various vehicle sensors and seat pressure system. The data

contributions they can provide are concluded in Table 2.6.

w Global position system (GPSais.S-owned technology to provide positioning,
navigation and timing functions to the user by 24 operating satellites (Hofmann
Wellenhof et al., 2012). The main compositions of GPS are space, control and user
segment. If the user segment is equipped witinnected vehicles, the GPS generic
receiver will receive the signals from satellites and then calculate ti@ensional
position and time by antenna (HofmaWellenhof et al., 2012). The final navigation
outputs contain position, velocity, heading anché fault information (Grewal et al.,
2001). To ensure the signal is accurateb35B of gain and 20MHz nominal bandwidth
are provided for radio frequency amplification and two GPS signals (Grewal et al., 2001).
One or two antennae on GPS can also us@ébecting road grades by obtaining the ratio

of vertical to horizontal vehicle velocity (Hofmakivellenhof et al., 2012).
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w Numerouson-boardsensors distribute in different locations of internal vehicle spaces to
perceive vehicle status and parametersnaltivariate travelling phases. Collecting single
vehicle data is relatively easy if integrating observation values from different sensors (SAE,
2012). Wheel encoder can obtain vehicle speed, while steering and brake sensors collect
vehicle heading and di& (SAE, 2012). Similarly, vehicle acceleration and deceleration
from the accelerometer can be measured, even turning intention from the turn signal on
the vehicle.

w Seat pressure system is a kincbofboardsensor installed under car seats to obtain car
occupancy data. Electronic, pneumatic and elegneumatic are three main types of
sensors used for measuring sdaitttock interface pressure (Gyi et al, 1998). In the first
type, a deformable component consists of Electronic transducers to connect sensors
which can electorally measure variations in resistance caused by applied force (Cooper et
al, 1986). The pneumatic sensor is connected to an air reservoir. The volume of air in the
sensor will increase suddenly when an inflation pressure rises, resuitargabrupt drop
in a pressure increase rate. The value changed is recorded as interface pressure (Eckrich
and Patterson, 1991). Electpmeumatic sensors have electronic components on the
inner surface of a flexible sac, which balances the internal atetral pressure when air
is pumped into it. The pressure value at this moment is recorded as interface pressure for
occupancy detection (Robertson et al, 1980).

w Different from the seat pressure system or camera used for measuring car occupancy, bus
occupancy is acquired from the Automated RBasger Counting (APC) systefC is an
electronic counting device which can counts and record the number of passengers
boarding and disembarking at every bus stop (Sojol et al, 2018). The APC system consists
of two sensors, which are typically installed at the same height level of the front and rear
doors of a bus. When passengers get on or get off a bus, they break the infrared beam
between the corresponding sensor and the value is recorded. The computer then
calculaes the passenger information according to the order in which the beam was
broken.

w Camera and video installed inside the CVs (Figure 2.4 provides a location of the installed
infrared camera) can also capture the figures of passengers so that car occepariny
distinguished by recent technology of occupancy detection system (details provided in

sub section below)

Table 2.6 Onboardunit connected vehicle data type relevant to the research

Available technology and equipment Data contribution for connected vehicle

GPS Position, velocityheading
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Onboardsensors (steering, speed, brake) State, velocity, acderation, heading, route, type
Seat pressure system Car occupancy
Automatic passenger counting system Bus occupancy
Cameralvideo Car occupancy

Figure 24 Thermal camera and its location for data capture (Nowruzi et al. 2019)
Roadside infrastructures data sources

Roadside infrastructures data is generally collected by inductive Ijupsjon infrastructures
and infrared cameras placed on road surfaces or roadside in advance. Their common feature is
stationary rather than moving with the vehicles; hence data sources they produced are fixed

regions, which can be seen in Table 2.7.

wlnductive loops are installed on the entire road surface, each of them supervising the lanes they
are located. When vehicles surpass the loop detectors, the weights of vehicles and durations will
transfer to special electrical signals in the management seciibe detection flags will form to

judge the number and types of vehicles that pass through this place in a certain period (Cheung et
al., 2004). Based on this information, inductive loops can conduct vehicle flow and occupancy

data, which are also usedrfvehicle classification at the measurement zone (Gajda et al., 2001).

wJunctionmanagement system is a special existing to represent signal control operation
strategies angunctiongeographical information. Signal phases and timing (SPaT) and Map data
elements describes thoganctionsituations and are remained to delivery and communicate with
connected vehicles. Dataset includes four fundamental sections: 1) SPaT (describes the signal

state and duration of théunction); 2) Map data (describes physical geometry of one or more
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junctions); 3) Signal Request Message (current signagprgtion and priority stats); 4) Signal
Status Message<€élifornia PATH Progra@011) The final part contains the information of lane

se or movements, currensignalstate andrest time to switch the signal

wA:s illustrated in Figure 2.5, the cameras installed at the roadside can also capture images of

vehicles when they cross the phestioot locations to detect the car occupancy infotroa.

Table 2.7 Roadside infrastructure connected vehicle data type

Available technology and equipment Data contribution for connected vehicle

] Vehicle classification, vehicle flow, road occupancy
Inductive bops
number of turrs

Sgnal phases and timin@PaT)the geometry of the

Junctionsystem _ _
junction,
Roadside cameras Car occupancy
Left-side Right-side Right-side
infrared ray infrared ray infrared ray . Infrgred
camera camera camera illuminator
I

--E0)
Laser trigger a7
UK.

(a) (b)

Figure 25 Overview of the image acquisition system for vehicle occupancy detection. (a) Rear view. (b)

Side view (Lee et al, 2020)

The variety of vehicular data and roadside infrastructure data that can be supplied by connected
vehicles are reviewed in this sectiofhe scale of vehicular data providing multiple dimensions is
proportional to the number of CVs presented in the road network, with a high rate of information
conversion among moving vehicle agents and junction agents. The potential enormous data size
supplies the opportunity and possibility for more intelligent adaptive signal control towards
dynamic traffic. Moreover, although the data size of roadsetdnologies is inferior to vehicular
information, they indeed provide additional helpful data for sioontrol such as vehicle flows

and SPaT information from the whole road situation. All ofdtrailable data collectebdy those

technologies are possible to gilised in designing signal control algorithms.
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Vehicle occupancy detection technology

Thetechnical systems that can be used to get vehicle occupancy data from CV environments have
been summarized in Figure 2.6. The sensors in the seat pressure system and APC system are
connected to a computer and therefore the passenger occupancy can beydidma board.

However, the CMquipped cameras and roadside cameras can only take images and there is still a

need for a process to transfer the image information to car occupancy data.

[ Vehicle occupancy in CV environments ]

Cars Buses

l l i A 4

( APC system ’

(Seat pressure system ’ Inside cameras Roadside cameras

Vehicle occupancy
detection technology

Figure 26 The technical mechanismsrfoapturing vehicle occupancy data in CV environments

The most recent researches attempted to develop vehicle occupancy detection technology to
solve this problem. The initial purpose of proposing vehicle occupancy detection system is to
enforce HOV lane amitoring policies, which encourage carpooling and the use of public
transport. The traditional manual method to count for vehicle occupancy is labtemsive, has

low operational efficiency, and increases labour costs (Schijns and Mathews, 2005)tidhe va
studies were conducted to fast and automatically achieve the vehicle occupancy estimation
process in two groups: usinguehicle sensors and using roadside cameras. The detection
accuracy of occupancy estimation fromviehicle cameras is generaliigh (Owechko et al, 2003).
Infrared cameras are also used in some studies to replace general cameras to protect the privacy
of passengers (Nowruzi et al, 2019). However, cameras or searsorsquiredio be equipped

inside vehicles. The occupancy detentsystem using roadside cameras had limited scopes for
detecting occupancy and some of them can only detect the passengers in the front seat (Hao et
al, 2006; Artan et al, 2014). A new study in recent two years improved the limitations of previous

researt and it reached a 99% detection accuracy for-siged roadside cameras and 87%
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detection accuracy for onsided roadside cameras. In this project, the car occupancy data from
CVs are assumed to be obtained frorvéhicle cameras as tHigerature on detecting car
occupancy from irvehicle cameras indicated high levels of detection accuracy. The occupancy
detection system for onside roadside cameras will be used in an unequipped vehicle status

estimation algorithm to capture the occupancy of all crogsighicles (see details in Sectioh 6

This subsection lists the available data sources that can be collectedtyaod units from CVs,
which are related to this project. Notably, not all of the CVs are equipped with the full data
collection devices merdned at present. However, this is not a critical thing as the aim of this
subsection is to realize which kinds of data can be collected and how can they be collected from
CVs so that the assumptions and methodologies adopted in this project can be rhade. T
sensitivity tests for different sorts of CV penetration rates are also carried out in the following

sections to explore theerformanceof proposed signal controls in different situations.

2.4.2Dedicated ShorHRange @mmunication(DSRC)

In Sectior?.4.1 it has been shown that a quantity amount of data resources collected

electronically are available via connected vehicle enabling technologies. IEEE 802.11p is found the
most suitable standard for data transmission among CV environments (Qiao2€i1dl), On the

basis of IEEE 802.11p, dedicated sharige communication (DSRC) is specially designed to

support vehicular ITS applications under V2V and V2I connectivity. Federal Communications
Commission (FCC) specially allocated 75MHz bandwidth at&z %icensed spectrum for DSRC

(Lee et al., 2013). The dedicated 5.9 GHz spectrum is divided into seven 10MHz bands used to
exchange information among vehicles and infrastructures (Lee et al., 2013). IEEE Wireless Access
in Vehicular Environments (WAVE)ides the specifications and version of DSRC (Kenney, 2011).
IEEE 802.11p decides the PHY and MAC layers of DSRC while IEEE 1609 family determine the
upper layer (Kenney, 2011). The DSRC/WAVE system consistsazrdrunit (OBU) and Road

Side Unit (RSU\hich are equivalent to serving as mobile stations and base stations in cellular
networks (Kenney, 2011). IEEE 802:bhdped DSRC enables wireless communication in CV

environments, and can potentially meet various requirements for road messaging andlcontro

2.4.3 SAE_J2735 message sets

From section 2.4.1 it has been found that a variety of data collected by enabling current ITS
equipment are available. From section 2.4.2 the wireless standard for connected vehicles has also
been identified. However, how tase an established format to send the message can be quickly

recognized by connected vehicle elements and identifying which kinds of data are more useful and
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crucial to ensure efficient and sustainable communication. In general, there are two most common
message sets designed for connected vehicle environments by the US and the EU. The Society of
Automotive Engineers (SAE) in the US defines the message sets in the SAE J2735 standard. While
European Telecommunications Standards Institute (ETSI) in theflBgsdevo kinds of message

types Cooperative Awareness Message (CAM) and the Decentralized Environmental Notification

Message (DENM).

SAE standard attempts to support the collaborations among those connected vehicle segments in

a means of DSRC applicagpim terms of the standardized message set aspects. Therefore, SAE
specifically designed a special message set focused on the 5.9 GHz DSRC/WAVE communication
system, named SAE J2735 standard (SAE, 2016). SAE J2735 message set has its data frames and
data elements covering a quantity of useful connected vehicle data in different types (shown in
Table 2.8). The purpose and all contained data of each kind of message type are described in Table
2.8. SAE J2735 message set belongs to both awarbassesl messageand evenbased messages.

The awarenesbased message implies SAE J2735 can timely send pieces of messages describing
the status information of a vehicle in a short interval (SAE, 2016). Each piece of the SAE J2735
message includes DSRC message ID pomding to a separate message framework and other
information, which make it easy to be recognized (SAE, 2016). Meanwhile, event flags contained in

SAE J2735 represent different vehicle failures (e.g. hard braking, disabled).
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Basic safety message (BSM) is an important and most widely used component in SAE J2735 Messa
Sets. BSM can broadcast at most 10 times per second and is comprised of two parts. The first part
contains core elements connected to vehicle datajuding vehicle size, position, speed, heading
acceleration, and brake system status (Cronin, 2012). While part 2 can choose optional data to
supply part 1 of BSM according to the needs, such as weather data, and vehicle data (Cronin, 2012)
The detailf all possible data type in BSM and those not including vehicle status are summarized
in Table 2.9. Other frequencies used message sets in signal control applications are Signal Phas

and Timing Message, Map Data and Probe Vehicle Data.
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CAMs are broadcasted periodically by each vehicle to its neighbours to communicate information.
Both sending and receiving devices are specific ITS agents, which neecdmpliant with the

ETSI standard (Santa et al., 2013). The context of CAM contains the presence, position, temperature
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and basic status of the vehicle. CAM is an awarebassd message and needs to receive more
than one message if tracking needs. T®aM will be produced only need to meet one of the

requirements as follows (ETSI, 2011):

w alEAYdzy /1a 3ASYySNIGSR AyGSNBDIE A& tSaa GKIFy mao

DENMSs belong to eveilitased messages. Therefore, they are generated once hazardous events
happen to alert road users (8a et al., 2013). The message structure of DENM is more complex
than those of CAM. The body of the DENM structure contains more details. The decentralized
situation management in the DENM body includes general information about the event. While the
secondpart claims the detailed context about what the event wants to be reported. The final

situation group gives location data abdbe event (Santa et al., 2013).

There are significant differences exist in data definition formats and application cases by

comparing SAE J2735, CAM and DENM. However, all of them have similar data types so they can
be matchedmutually. Apart from that, he message broadcasting intervals and type of messages

of BSM and CAM are not similar. The BSM prefer to be generated maoelipally fixed, but

CAM will be generated when one of the requirements meet. The corresponding message types of
CAM will be several options. That means the contexts and sending frequency of BSM are more
stable. Another difference is SAE J2735 can prdvigeal Phase and Timing and map data

information with DSRC message IDs 13 and 6, while CAM/DENM cannot. In most cases of adaptive
control models, for instance, in Feng et @015), BSM in J2735 DSRC Message Set Dictionary

based on IEEE 802.11p is used.

The introduction of connected vehicle communication proves that connected vehicles can
broadcast Basic Safety Message (BSM) to both other connected vehicles and infrastructures.
Society of Automotive Engineers (SAE) J2735 Dedicated Short Range Comomgnib&RC)

Message Set Dictionary regulates a variety of specialized transmission data types for V2V and V2I
communication, also called BSM (Goodall et al., 2013). Each piece of BSM can provide vehicle 1D
location, speed, heading, acceleration, size, afihstructure system information (Feng et al.,

2015). Moreover, the broadcasting frequency of BSM can reach to 10Hz along the DSRC radio
(Feng et al., 2015). In other wordee BSM can beeceived by Junction Management Agent

(IMA) and Vehicle Agents (V@gnnected in Vehicular Adoc Networks (VANE&yery 0.1

seconds The optimization decision algorithm for signal control is typically discretized into 1s
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intervals (Li and Ban, 2017). Therefore, for every decision point, the signal centre infrastraicture i

capable of obtaining affluent redilme connected vehicle data.

The message sets currently contain the most useful information to be transmitted for modelling
new adaptive urban signal controls. The message sets are designed to be concise enough to be
launched and received efficiently amainimise the occupation of channel use. From Table 2.9
some essential data sources for monitoring the road state, such as locations, and speeds of
connected vehicles have been incorporated. Also, there is no standaodiZat the collection of
vehicle occupancy data at present, the APC system has been implemented to count for the
passenger numbers in transit. The bearing loading sensors installed on vehicles and
videos/cameras on road sections offer potential ways teohout the occupancy in the

passenger car. It is not difficult to combine the occupancy level information of vehicles into
message sets if they are found to have the potential to improve the development of pbesmu

urban signal controls.

2.44 Conneckd vehicle data sources and processions for new urban adaptive signal controls

Given available data sources can be collected in Section 2.4.1, the connected vehicle data
selection as inputs of respective stat&the-art urban signal control strategies disted in this

section. The instantaneous speeds and positions of each connected vehicle in VANET ranges are
commonplace and entire in most models, due to they are the most possible information to
describe the traffic situations surrounding the junctidius, a number of vehicle and traffic
parameters with regard to model objective functions have access to be precisely predicted or
calculated, for instance, vehicle arrival time, vehicle trajectories, queue length, vehicle stopping

times, arrival rates ando on.
a. Vehicle arrival time

Given the locations and speeds of those vehicles detected by the communication system, the
vehicle arrival time from the current space to the possible spaces towards the stop line (consider
queue exist) can be predicted. Mal time information is used commonly in situations of multi
agent interaction. After obtaining arrival time information, the junction contributes to planning

the vehicle motion, holding a future place for the vehicle to pass through the junction with the
maximum speed, as well as smoothing vehicle trajectories (Jin et al., 2012). The-amieal
information can be calculated by considering all the possible conditions according to the distance
from the vehicle to the stop line, current speed and maximspeed of the vehicle (Jin et al.,

2012). More directly, the vehicle agents predict their own arrival time based on the proposed

model and inform infrastructure (Kari et al., 2014). In the traditional method, arrival time
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information is unavailable becag@she loop detectors cannot detect the speed of vehicles

crossing them.
b. Arrival flow/Departure flow

As an important parameter to represent the vehicle flow demand coming to the junction or
measure the vehicle queue length, arrival flow can be acqunezttly from connected vehicle
technology (Feng et al., 2015). In some cases the vehicle flow is set to follow the Poisson
distribution (Chang and Park, 2013), therefore (Chandan et al., 2017) use the Poisson distribution
to estimate the number of arrivavehicles entering in a certain period to represent the arrival
flows. The departure flow is relatively counted by the number of vehicles leaving the cross line
during the period. The queue calculation at the decisive moment and ratio flow estimationtcann
be separated from the departure flow value. Cumulative departure flow numbers are obtained by
estimating the vehicle departure time from the emtlowing model and then checking the

numbers of vehicle passing through (Chandan et al., 2017). Simidnpbthe same, loop

detectors have limited effects to measure the number of vehicles passing through a certain point
in a given period. Compared to this, the connected vehicle can provide arrival or departure rates

at any point within the network transresion range.
c. Departure time

Departure time describes the duration spent for vehicles from the waiting status to the moment
they cross the stop line under traffic light states. This value is a key factor to estimate the delay
vehicle may suffer correspaling todifferent traffic light operationgo decide the most suitable
caseto assigrgreen light for each lane as a wh¢uleret al., 2014) The departure time of
vehicleO is influenced by many factors depending on whether it exists in a quenetpwhich
is calculated as follow@®ox and Waterson, 201¥anget al., 2016)

O & dawno % 0 (o) 7Y
Wherew represensthe durationof vehicle travel to the downstream end of thenctionunder
the situation that there is no queue existS. means the departure time dhe previous vehicle
and"Y is the value ofhe saturation flowin this laned is the delay penalty of this vehicle
related to its initial speed and acceleratiomrfhe situation whera queue exists, the vehicle
departure time can also b&implifiedin (Younesand Boukerche 2014;Younesand Boukerche

2016)like this:

0
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Where| refers to thestart-up lost time of the first vehicle whethe green lightisawarded.”O is
the distance from the furthest vehicle in this queue to the stop line ahds the vehicle speed of
traffic flow. In traditional reatime signal control strategies departure timetbe vehicle still
cannot be measred for the reason that the vehicle location and how many vehmtesheadof

it are unknown to the loop detectors.
d. Vehicle queue length

Vehicle queue length is a critical factor to measure the traffic congestion conditions in a specific
lane. Part dthe proposed strategies adopted minimum vehicle queue length as their objective
function. In most cases, the queue length taking a vehicle as a unit is represented by the number
of vehicles idling behind the cross line and waiting for discharge at m&e €onsidering those
vehicles approaching the existing vehicle queue with deceleration, the method to capture such a
constant under a dynamic vehicle stream environment is not unique. A method which is similar to
regarding the arrival flow and departurloiv as intake and discharge was mentioned in (Feng et

al., 2015) with available arrival flow and departure flow data collected by connected vehicles. This
gqueue measurement method is shown as

ag a& p N &€ n ¢ G 0

Wherea¢ anda ¢ p mean the queue length for the specific lane at time n and tirie n
respectivelyry ¢ isthe arrival flow andf € represents the departure flow at time n. Another
proposed method inTiaprasertet al., 2015discriminatal the threekinds of queue éngth
situations in terns of connected vehicle speeds and positions. The vehicle would be determined
to be stopped if its speed was lower than thee-definedstopped speed. Thus 1) the vehicle
queue is estimated to 0 if no stopped vehideletected atall; 2) if stopped vehicles are found
but no moving connected vehicle deted, the queue length equatke furthest stopped vehicle
distance to the cross line divided by effective vehicle length; 3) if both stopped vehicle and
moving vehiclaletected, thevehicle lengths decided between the rank number tife furthest
stopped vehicle anthe nearest moving vehicle. The alternative format by using meteesuamst

to present queue length is also acceptabléranget al. (2016)which also accourfor the

number of stopped vehicles N in formu?):

ag wd 000w0 p (o37) 7]
Wherew 0 is the individual vehicle length for vehidla stopped sequence aril O § @presents
the average gap between vehicledl & the abovecasedo calculate queue length require instant

speeds and positions @thiclesto judgevehiclestopped or moving status, which are impossible

to achieve in traditioal methods without that information.
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e. Travel time

The Cumulative Travel Time (CTT) for indadigehicles still not passed the junction could be also
a major aim for the designed model (Lee et al., 2013; Kari et al., 2014) or as part of process
variables to determine vehicle delay (Yang et al., 2016). One of the feasible methods for
calculating trael time is to count the elapsed time from when the vehicle enters the
communication range of the approach link to the current position (Lee et al., 2013). While
aggregating the separate vehicle position and speed information with the traffic light, #ugequ
message provides an alternative solution for predicting vehicle travel time in four cases (Li and
Ban, 2017): directly pass through; arrivals during green and queue exists; arrivals during red;

arrival during red and queue exists.
f. Vehicle trajectaes management

Besides gathering vehicle information for junction centres by V21 communication, the connected
vehicle technology enables the guidance from the signal controller for every connected vehicle
with better trajectories by 12V communication, dafely beyond traditional methods. Vehicle
efficiencybased models expect to plan the trajectories for identified vehicle platoons recognized
by mutual distances to let the vehicle pass through the junction at the maximum possible speed
at a certain time ad avoid stopping at all possible ((Yang et al., 2016; Feng et al, 2018;
Pourmehrab et al., 2017). The future trajectories of the leader vehicle in the platoon and the
behaviours of following vehicles will be predicted by optimal control using théodlawing

model (Feng et al, 2018; Pourmehrab et al., 2017). Thus the departure time of the leader vehicle
controlled by the optimal trajectories model will cater to the green light switch for reducing
vehicle travel delay. Eedriving models also optimize tharget velocity for connected vehicles

and suggest advisory velocity for drivers or automatic operation systems based on model
predictive control (Du et al., 2017) for the sake of improving fuel economy and reducing
emissions. Therefore, those connectezhicles followed by the trajectories information from the

optimal model would be more smooth and energy economy.
g. Vehicle occupancy

The vehicle occupancy level is a unique data type required in pé&@sed control. For each
vehicle, the vehicle occupancy is a constant value at a certain time. In most fErsed control
researches, perfect occupancy data are assumed to be availéthlewvclaiming access to them
(Christofa et al, 2013b; Yu et al., 2017; Yang et al, 2018). Vehicle occupancy can be used for

calculating persomelated objective values. For instance, the person delay can be calculated by
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vehicle delay scaled by occupantata of this vehicle. Thgassengetravel time equals vehicle

travel time multiples occupancy data.

2.5 Thestate-of-the-art vehiclebasedurban signal controls in connected

vehicle environments

In Section 2.4 connected vehicle communication technoisgytroduced to enable junction
infrastructure to acquire more detailed connected vehicle information, providing a good prospect
for adaptive signal control. The new data sources from connected vehicle technology are
preparing for the innovation of urbamansport mobility and potentially remedy the limitations of
existing urban signal controls with better knowledge of the road environment. However, whether
formations or quantities of connected data are fundamentally different from the data inputs
collectad from point detectors (e.g. inductive loops). Therefore it is very important to develop

new urban signal control systems, exploring how will these sorts of connected vehicle data will be

boosted and incorporated into the urban signal control paradigm.

This section reviews the stati-the-art vehiclebased urban adaptive signal controls in

connected vehicle environments, investigating the progress they have made and the limitations
for future researches. A comprehensive review has been made in surpeyspay Wu and

Waterson (2021) and Wang et al (2021a). Given the inputs of connected vehidieneal

information and objective functions, the decision algorithms are introduced in this section, as well
as their pros, cons, applicable conditions and cdadies. The generic frameworks of adaptive
signal control and the detailed aspects which are worthy to be noticed are also explained in this
section. It is a critical step to justify what is the main limitation of veHieged urban signal

controls in canected vehicle environments and then focus on more specific researches to

enhance this limitation in the next chapter.

The core of the adaptive signal control systems, known as the road traffic information from the CV
dataset (Section 2.4.1), is how take action to optimize the strategies so that more responsive to
objective functions (Section 2.2.1). The actions implemented by the junction could be either signal
timing parameters adjustments (phase sequences, durations and cycle length), or optimum
comected vehicle trajectories (speed, acceleration, headway suggestions). Hence, the adaptive
signal control process can be viewed as incorporating the current state (vehicle delay, queue
length, travel time and other situations) and decision variablesgifft signal timing control
strategies) to decide the best solution (max or min objective functions) which make vehicles
perform better (validate and calibrate by KPIs in section 2.2.2 with benchmarking models). This

section will review the stat®f-the-art decision algorithms to see how the junction works under
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connected vehicle technology, including comments and discussions, which are summarized in
Table 2.10.

2.5.1 Integer programming and solution algorithms

Mathematicalprogramming model is the most canonly used method to solvienction control
optimization which is dedicated tthe optimization problens. Objectivefunction z, constraints
like Ejuation @-15) and decision variables x are thremdamentalcomponents of rmthematical
programming, thecaronical formof which can be presented as:
i ETOAA Mmho oB (a37) 7]
&8 Qo @ Qoo Gt ©

As part or all of the decision variables are only possible integers (e.g. number of vehicles in lane
cells (Islam and Hajbabaie, 2017), green time duration for one phase (Feng et al., 2017)), the
mathematical programming models for signal control methodsdassified as integer

programming. The range of the decision variables is limited by traffic control constraints, such as
the restrictions of minimum and maximum green time (Feng et al., 2017), and red or green signal
state (Islam and Hajbabaie, 201If).other words, the possible optional decision schemes which

are feasible for the junctions are finite in a given operating time horizon. Different decision
variables will cause a variety of vehicle delays, queue lengths and others for different lanes
conerning which phase is prioritized with green and how long duration it lasts. Countable
decision variables will result in the exclusive optimum solution, which is predicted or calculated as
the best objective value performance after junction control managetrexecutes this decision,

which can be found by integer programming. For instance, a Mixed Integer Linear Program (MILP)
was adopted by Islam and Hajbabaie (201 7ntximie the junction throughput while also

minimisng the queue length within 2 junctis with 14 twelane links and 9 junctions with 48
two-lane links. A mixeéhteger nonlinear programming with muHkbbjectives oimaximisng the
capacity andninimisng number of vehicles crossing the centreline of the road are also tested in

numerical exenples with different demand compositions (Sun et al., 2018).

The most basic approach to solving the integer programming problem is enumeration, which lists
all the possible decisions made by junction controllers and yields respective function valus. result
The solution leading to the max or min value will be optimum. The enumeration method using CV
was initially proposed to find the longest queue length and minimum delay by considering 5
optional phase transition decisions in a real road network in Haandvermany, consisting of 9
signalized junctions (Cai et al., 2013). Afterwards, the algorithms explore the highest cumulative

vehicle travel time for the next green phase (Lee et al., 2013), the next vehicle departure
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sequence to minimise delay and nunmtzgd stops (one junction) (Younes and Boukerche, 2014),
and largest vehicle density from defined phase combinationslég€ simulated junction) (Younes
and Boukerche, 2016), the current longest queue length (isolated junction) (Tiaprasert et al.,
2015) vere all successfully enumerated and performed better than calibrated models. In order to
absorb more updated recent connected vehicle data to prevent unforeseen changes in dynamic
traffic (Feng et al., 2017) and decrease the complexity of integer prognagnthie proposed

models collect data at the current time step, predicting future traffic states in certain time horizon
to find optimal solutions, then execute in next several time steps (Islam and Hajbabaie, 2017),
which is called as rolling horizon appah. The rolling horizon circle will be continued once the
last horizon has been run out with a variety of cycle lengths in their methods (15s in (Goodall et
al., 2013), 80s in (Feng et al., 2017) and 2s in (Feng et al., 2018)).

The enumeration algorithrfor integer programming visits all the possibilities but has operational
efficiency difficulties due to exponentially increasing complexity when a number of cars increase
in the algorithm (Yang et al., 2016). A branch and bound algorithm were therefopteatioy

(Yang et al., 2016) to directly cut down those unnecessary nodes in a tree search problem. A total
of 1896 cases were tested in contrast to the enumeration method, and the computational
efficiency of branch and bound algorithm was found signifigaintproved (Yang et al., 2016).
Moreover, dynamic programming algorithm divides the whole optimization problem inte sub
problems, attempting to seek optimum solutions for each-pubblem by recursion (Feng et al.,
2015). The suoptimum solutions will faially form together to the whole and avoid repetition

when going through the specified parts. A dynamic programming algorithm has been completed
to test in an isolated junction in Gavilan Peak and Daisy Mountain in Arizona Connected Vehicle
Test Bed (Fengt al., 2015) and coordination signals (Li and Ban, 2017) toward large dimension
and nolinear problem. Approximate dynamic programming was then developed to overcome the
complete set of connected vehicle information required in dynamic programming byidanc

approximation techniques in numerical experiments of one and two junctions (Cai et al., 2013).

In most recent years, sigrabjectory joint control is designed for vehicle environments

transferring from CVs to mixtures of Connected and Autonomoimclés (CAVs) and

conventional vehicles. SigAaajectory joint control receives vehicular information from CVs and
Autonomous Vehicles (AVS) to optimize the signal timing plans by integer programming to reduce
vehicle delay. AVs are regarded as leadérsebicle platoons, with the signal controller adjusting

the trajectories of whole vehicle platoons by sending commands to AVs (the trajectories of
following vehicles can be predicted based onfcdlowing models) to enable the platoons to

enter the juncton with the desired speed at the beginning of the green light.
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Xu et al. (2018) propose a twevel method, in which the upper level optimizes the signals and
vehicle arrival time, and the lower level optimizes engine power and brake force. Yu et 8). (201
proposed a comprehensive framework for the cooperative driving problem, which considered
detailed signal parameters and vehicle trajectories with {ahanging behaviour at an isolated
junction. Feng et al (2018) proposed a tatage optimization probi@ is formulated, in which

traffic signal is optimized with dynamic programming, and vehicle trajectory is controlled based

on the optimal control theory. Yu et al., (2019) then extended the integrated control to a corridor
level to coordinate control of #a CAV trajectories in a centralized formulation. An integrated
optimization in mixed traffic conditions is proposed by Guo et al. (2019) considered the mixed
traffic of CAVs and RVs and develop a-step control framework, in which the first layer

optimized the signal timing plan accounting for vehicle trajectories, and the second layer designed
optimal trajectories for CAVs. The study by Liu et al. (2019) prioritized CACC platoons at junctions
to maximi® the throughput of the junction. Information on ceentional vehicles was estimated

by the location and speed of CACC vehicles. A coordinated work proposed by Wang et al. (2020)
tried to optimize both signal timing plans and vehicle trajectories at an arterial level. Yang et al.
(2021) developed a hieraridal and implementatiosready cooperative driving framework with a

mixed traffic composition of CAVs in a coordinated distributed way in corridors.

Integer programming is a wederformed method to work out the optimum solution gaining max
benefits or minexpense with multivariate constraint conditions (limited green light resources).
Integer programming has a unified algorithm to deal with junction control problems, which is
another advantage. While integer programming sometimes cannot be solved anifyaicd

needs great computational requirement (Li and Ban, 2017) because of exponential order to the
large dimensions size of state and complexity of the-lmo@ar model (Cai et al., 2013), which
leads to integer programming model too complicated to inmpémt in a real network. Extremely
accurate road traffic input data and predicted vehiptrformanceare also required in integer
programming so that controller can ensure their optimum solution will bring the greatest
objective value in case study testingt this point, the C¥ased methods will prominently

perform better than the traditional method due to their more detailed and accurate information.

2.5.2 Traditional theory based method

Theoptimal cycle lengtiC oftraditional fixed timemodels is fomulatedbyY 2 RA F@ Ay 3 2 Soaid SNDa
mode for isolatedsignalizectriticaljunction, which is derived fronsomputer simulation and field

observationunder Federal Highwaysdministraton Signal Timing Manual (STM) (Koonce et al.,

2008) shown in uation @-17):
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Where 0 ds the total lost time per cycle (usuatlye sum ofinter-green periods, & is the flow
ratio (observed flow/adjusted saturated flow) of lane inddar each lanavith a number of Min
junction, which also represents the ratio of density to length in the clust@iaslekaret al.,
2013;Shaghaghét al., 2017) Then the green timé&”"Yor each lane is described in @uation (2-

18):
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The traditional theonjbased method of using CV was initially researched by Gradinescu et al.
OHnnTLv 2y (GUKS o6laxa 2F 2S0aGSNRa Y2RSt Ay |
downtown Bucharest. Then it was tested in one simulated junctio2®@0 cycles and repeated

10 times (Chang and Park, 2013). Tomescu et al developed this method in consecutive junctions
by including new parameters (weather, vehicle type, minor events) to decide offset coefficients
adopting fuzzy logic function (Tomesduagé, 2012). The ratio of density and length (replacing the
flow ratio) formatted by density information from CVs gathered by clustering algorithm was also
successfully implemented in 7 junctions (Maslekar et al., 2013) and 36 junctions in a central urban
area from OperStreet Map (Shaghaghi et al., 2017). Similarly, the traditional theory proposed
method followed junction green time flow ratio profile regular and defined the lanes with the
highest flow ratio as the next stage were simulated in one isdlataction along Castle Downs

Road and 97 Street, Edmonton, Canada (Chandan et al., 2017) and a bidirectional crossroads (Naf

and Khan, 2012) respectively.

250a40SNRa Y2RSt Olyy2i 0S RANBOUGEE FR2LIISR A
ratio for each lane in each cycle is various. Hence, the traditionaHixedmethod computed

flow ratio parameters based on historic recorded data, which failed to be adapted to varying flow
demand (Maslekar et al., 2013). The green durations decided hyatigional method were thus
viewed as inaccurate and unreliable. Whilst traditional thelsaged methods are capable of
gathering the reatime flow demand or density information every time step by means of CVs,
making the signal control more efficiefithe most outstanding benefit of traditional theebased
methods is they are easy to be implemented and have almost no computation (Chandan et al.,
2017). Nevertheless, this kind of method is hard to reach the optimum solution because of
stochastic naturef vehicular movements still existed during the green time. The control schemes
are not flexible enough, such as without stage skipping in integer programming. Unclear objective
functions and lack of future vehicle performance prediction also cause thisoshénore

inefficiency than the integer programming method.
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2.5.3 Reinforcement learning method

As a kind of machine learning paradigm, reinforcement learning has been widely adopted in
various fields as artificial intelligence technology, such as AlpHadaaol games (Silver et al.,

2016), computer games (Mnih et al., 2015) and helicopter control (Ng et al., 2006), letting systems
themselves optimize their policies through treahd-error interactions react to dynamic

environments. Adaptive signal contistrategies are such a general process: make a series of
decisions to optimize the junction signal timing reacting to dynamic traffic demands, which is
extremely following the pattern of reinforcement learning. A schematic operation process of

reinforcementlearning is illustrated in Figure 2.7.

Agent

-
reward action
't a;
!__rr+1
: -~ Environment
| St+1

Figure 2.7 Schematic figure for reinforcement learning

The worlng principle ofreinforcement learningidopted in adaptive signal control is like this: the
junctionsignal controller is considered as an agent, who needs to adjust the management aiming
to the environment (dynamic road traffic circumstances). The algorgtarts with a
initialisationrandomly(Yang 2017)or on the basis dfistorical data and expeshce(Xiangand
Chen 2016)of the action value functiomiappingfrom correlatiors ofstate-action pair to the
expectedvalue) and improvsit iterativelyin discrete time steps. The algorithnt,every time

step t, captures the proper information fronC\s asrepresentativeas the statd (e.g. queue

length and queue waiting time (Liu et a2017) positionsand speedof vehiclesat ajunction
(Xiang et al., 2018pf the environment. The controller then decgiés action (leterminesgreen
and red lignt statefor each lanan the next period(Yang 2017;Xiangand Chen 2016) selects a
pair ofnon-conflictingphaseqLiu et al, 2017) anddurations of every phasgiang et al., 2018)
from a set of finite actions according to its policy, whiepresent the probabilities of taking
different actions for a particular state. The controllertia¢ current stage prefers to select those

state-action pairs mapping to the higher expected return value (objectives, e.g. min queue length,
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min average waitig time) developed by the reward accumulations uphe current rewardY

(the change othe cumulative waiting timéetween two cyclegXiang et al., 2018)he negative
sum d the squared delays of alehicles(Yang 2017) the sum of vehicle queuehgth and

waiting time of queudLiu et al, 2017) given bythe environment. Then the actioselectedat the
current state will result in &ransitionto the new statd and newreward’Y , which
contribute to correcingthe parameters of mappingtate-action pairwith amore accurate
objective value for reproducingpdated policy(Yang 2017) The positive rewards will reinforce
the algorithm selection of this action while negative rewards are on the contrary. The optimal
policy ispursuedby the algorithmwith an ultimate aim to reach the highest excepted objective

value throughcontinuousiterations.

The reinforcement learning method using CVs for adaptive signal control was primarily developed
in a bidirectional junction with only two phasesdafyg, 2017), but met with difficulties due to the
exponentially increasing complexity of the neural network (input states, actions and export
rewards) as vehicle number increases. A dynamic clustering algorithm (Liu et al., 2017) and deep
learning algorithm(Xiang et al., 2018) were then associated with reinforcement learning by
researchers for the sake of achieving a relatively stable connected vehicle data structure from
mass communication loads and reliving exponential complexity of traditional reinfemem

learning. Their algorithms have been implemented in 78 road segments with 96 junctions in
Changsha, China (Liu et al., 2017) and simply isolated junction separately. In addition,-a neuro
fuzzy network was adopted to evaluate both fairness and averageng time of grouping

vehicles, considering the benefit levels of each grouping vehicle by gathering group size, the
difference in size and average waiting for time information as inputs (Cheng et al., 2017).
Preliminary processing of connected data hyearo-fuzzy network declined the complexity of
reinforcement learning violently, tested in a junction (Cheng et al., 2017). Flemagung

algorithm was also combined with reinforcement learning for providing the recommended
shortest time paths for vehies beyond signal timing control in 22 junctions in Xiaogan, China
(Xiang and Chen, 2016). Wang et al. (2021b) then proposed a deep reinforcement learning
method for the effective rewarding mechanism that takes into account the impact of the

detouring on he network traffic to improve efficiency.

As a modefree algorithm, reinforcement learning is unnecessary to establish complicated traffic
flow models like integer programming method (Xiang and Chen, 2016)and prior information to
the road network as we(Liu et al., 2017). In contrast to integer programming, reinforcement
learning methods incrementally optimize their management policies by experiencing trial and
error interactions with the environment, without the constraint of being computationally

expersive (Xiang et al., 2018) and sensitive to noisy errors (Yang, 2017; Xiang and Chen, 2016).
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However, in addition to the great complexity of the actiealue function, explicit rules about

signal control principles are not expected to be perceived fronfoedement learning (Brooks

and Dahlke, 2017). Reinforcement learning will not choose explicit actions even if meets the same
states inspired by the mechanism of exploiting new actions (Brooks and Dahlke, 2017). Large
capacity input data are required to forproper rewards and give feedback to the current

mechanism (Brooks and Dahlke, 2017), meanwhile, the updating process for reproducing more
perfect policies and parameters will cause delay when new actions are ready to be selected (Xiang
et al., 2018).

2.5.4 Multi -agentjunction management

Autonomous vehicles (AV), which process the functions of connected vehicles and intelligent
autopilot without drivers at the same time, are expected to dominate road traffic in future and
significantly reduce the accidentimber mainly ascribed to human error (Jin et al., 2012).

Dresner and Stone firstly proposed a reservati@sed cooperative junction management system
for completely all autonomous vehicles in the isolatedtnm junction (Dresner and Stone,

2005). Theyegarded the junction controller and each autonomous vehicle as an individual agent,
which opened a new era for multigent (system comprised of Junction Management Agent (IMA)

and Vehicle Agents (VA) (Li and Ban, 2017)) junction control management.

The nulti-agent management method needs communications and collaboration among agents
(infrastructure to vehicle, vehicle to vehicle, vehicle to infrastructure). Autonomous vehicles send
their parameters (e.g. time of arrival predicted (Kari et al., 2014)}herovehicles and junctions,

who also receive the connection information to adjust their driving behaviours. The ageitit

method was then developed into two categories: reservafi@sed method and trajectorgased
algorithm. In reservatiofased methodIMA allocates the finite temporal and spatial junction
right-of-way to certain VAs permitted in fixdtne slot according to prelefined policies (e.g.

request ever cancelled priority, with lafdmsed policy, first come first serve (Jin et al., 2012), no
conflicts policy (Webster, 1958)) by IMA. If VA attempts to cross the junction, they need to send a
NBIjdzSaiG T2NJ 2dzyOliAz2y FYR G622 Ay3é | 2dzyOiArzy
al., 2012). The junctions balance their policies and tjramt the permissions for those eligible
vehicles; requests for other vehicles will be rejected to wait until proper opportunities.
Reservatiorbased method has been tested in the isolated junction (Jin et al., 2012) and a grid of
4 junctions with 9000 v@h flow demand (Hausknecht et al., 2011). Trajecteliased method
coordinates vehicle trajectories by an invisible junction management unit, which attempts to seek
optimal sufficient safe gaps for those vehicles approaching from conflicting directieesafid

Park, 2012). Hence vehicles are capable of searching for a safe gap between the opposite vehicle
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flow and going through the junction without stopping in a suitable case (like situation (a) in Figure
2.8), as well as collision avoidance. A unigquUie of trajectoriesbased methods is that they
removed traffic lights in the junction because of inessential when tested in an isolated junction

(Kamal et al., 2015; Budan et al., 2018).

A
e
4@'_@:/_

N @.

(d)

Figure 28 lllustration of the cdision avoidance concept around a cross collision point: (a) safe situatio

and (b) unsafe situatiork@mal et al., 2015)

Multi-agent control methods break through traditional cognitions of signal timing control, such as
vehicles participating in junction management as subjects rather than merely confined to report
information for infrastructure, signal control at the neignalized junction (Budan et al., 2018),
vehicles travelling from conflicting phases without collision (Kamal et al., 2015)-ddahi

methods also provide new ideas for autonomous vehicles managements in the future. However,
the overidealized assumptionsf multi-agent methods restrict their applicable range. All of the
multi-agent methods require 100% walfuipped connected vehicles or autonomous vehicles (Li
and Ban, 2017), which is impossible to achieve in the current stage, as well as assumirgjj the be
manoeuvres for all vehicles (Lee and Park, 2012). Communication and connected data
performanceof junction centres are also required to be perfect (e.g. no packet drops and
transmission delays (Lee and Park, 2012)).dighision vehicle speed and ptieh data have to

be gathered, which is far beyond the accuracy connected vehicle data needed; otherwise

frequently accidents due to vulnerability in no traffic light junctions.
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2.5.5 Analogy method

Besides the aforementioned adaptive control method, actads of models draws lessons from

the knowledge and architectures of other areas. An artificial immune network (Darmoul et al.,

2017; Louati et al., 2017) was implemented for controlling signalized junctions. The current traffic

situations such as queuergth and average queue delay (Louati et al., 2018) obtained by CVs

were treated as antigens and control decisions like phase sequences with separate durations were

considered to be antibodies. By detecting affinity between an antibody and a pathogen by

rewards and penalties the mechanism found the control strategies corresponding to variable

traffic states (Louati et al., 2018). The artificial immune network model was tested in an isolated

junction (Louati et al., 2017) and six junctions ((Darmoul e2@L7) with several scenarios and

compared with fixeelime, actuated time and longest queue selection algorithms (Louati et al.,

2017). The job schedule model recognized each vehicle group as a job, operating the junction

control by the oldest job first (&) algorithm (Pandit et al., 2013). The first arrival vehicle platoons

would be served at the first chance. The method is distributed in an isolated junction with four

typical approaches. The ideas of applying the Petri Nets model (Ahmane et al., 2013) and

weighted backpressure model (Wu et al., 2018) to manage traffic networks were also presented.

The novelty solutions to address traffic signal control represent innovative strategies for

connected vehicle signal methods. Whilst the alignments of mechartisey proposed towards

traffic road characteristics and effects are required to calibrate rigorously. The models established

by small group researchers merely refer to their comprehensions of adaptive junction control,

which still lacks widely acknowledgimt.

Table 2.10 Summary ofrehiclebasedadaptive signal controls using connected vehicle technology
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2.5.6 Discussions andamclusions

The stateof-the-art adaptive signal control models in connected vehicle environments are

summarized in Table 2.10. The diversity of model objective selections, data sources and KPls are

all originally derived from connecteehicle technology, which is far beyond those of traditional

proposed methods. The adaptive connected vehicle methods also presented significant

improvements in various aspects compared to the benchmarking models they selected (generally

fixed time and actated control method), for instance, 48% average travel time reduction against

benchmarking models in Islam and Hajbabaie (2017) in coordinated junctions under saturated

flows, 34% total travel time reduction, 36% average speed and 4% throughput incréasedan

al. (2013) in isolated junction under saturated flows. The results shown by researchers prove that

connected vehicle data have great potential to support the development of new adaptive urban

signal controls in future by offering detailed infornm@tiabout the state of junctions. From the

perspective of flow conditions, most researches improvedpgédormanceof urban signal

controls under saturated flow situations (Feng et al., 2018; Guler et al., 2016; Yang et al., 2016).

Few papers attempted tamprove the effectiveness of their control methods in oversaturated

flows (He et al., 2012; Rafter et al., 2020). The majority of researches selected an isolated junction

as a research object (Feng et al., 2015, Lee et al., 2013; Yang et al.). Pastadideachieved

the optimized goal of coordinated control in an arterial or a network with the coordination

considerations of all controllers (Xiang and Chen, 2016; Wang et al., 2020)
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However, several limitations are found in the most advanced researEhes Table 2.10 and

reviews in Sections 2.2.1 and 2.2.2, the signal schemes determined by connected vehicle urban
signal controls are all optimized by vehibased objectives (e.gninimidng average vehicle
delays,minimisng vehicle number of stopminimisng vehicle queue lengths). Besides, the
measures of their proposed signal decision algorithms are vehicle performance indicators. These
policies and measurement methods mean that they treat all of the vehicles on road are same and
prevent them from &ploring the persosbased signal control styles. However, Section 2.3 justify
that the development of persobased urban signal controls is essential in future and more
meaningful than vehickbased models to accelerate the progress of urban mobility vEhécle

based models can result in unfair treatment of those vehicles with high occupancy levels.

Another limitation in current researches is unrealistic experiment assumptions used to test the
effectiveness of proposed models. The existing urban congsiems have been successfully
implemented in complex realorld scenes. The testing factors include large road network scales
consisting of coordinated junctions, and different levels of traffic volumes during peak and off
peak periods in the local areaurher, the transitions from conventional vehicles with neither
connectivity nor autonomy in current situations to the deployments of 95% or higher connected
vehicles on road are estimated to be letegm (Feng et al., 2015). Therefore, it is very essétuia
understand the new paradigms of urban junction managements under the presence of connected

vehicles, notably, the different adoption levels of connected vehicles and conventional vehicles.

Up to now, the whole publications on urban junction contneith CAVs use simulation to

approach their researches. Examples of simulation platforms include VISSIM (PTV Group, 2011),
SUMO (Krajzewicz et al., 2006), Veins (Sommer et al., 2010), NCTUns (Wang and Lin-2008), NS
etc. This on its own is not a problebecause the practical approach requires quantities of -high
expense connected vehicles and great network scales for trials, which is quite difficult to prepare
in the current stage. Contrarily, mathematical analytical approaches are also infeasible to be
applied as the complexity of combinations of junction controls, increasing number of vehicles, and
various incoming lanes. However, it is notably that simulations for junction operation are
necessary to be as realistic as realrld traffic situations so tat these junction controls will make
sense when they are implemented in the field. Only mathematical programming and part of other
optimizationbased methods are aware to evaluate their models in realistic scenarios but not
adequate. The rest of the methednake ideal or even unpractical assumptions for their proposed
algorithms. As for persehased urban signal controls, things would be more complex as the
information absence of occupancy levels of vehicles at different rates also need to be considered.
Therefore, another research gap here is how to develop coordinated paradigms for geased

signal control in multiple junctions, test and ensure grexformanceof personbased models in
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realistic situations, including dynamic traffic volumes, mixtureiaghr environments
with/without buses imperfect connected information from under 100% connected vehicle

environments.

2.6 Summary

This section summarizditerature on vehiclebased signal controls, discusses their relationships
and points out researchags in this area. The overview summary is graphed in Figure 2.9.
Traditional UTCs have evolved significantly from fixed time control to infrastrubased traffic
responsive control to better respond to dynamic road traffic so that reducing urban road
congestion and delay, which have been reviewed in Section 2.2. Howevegretftemanceof
current UTC coordinated signal controls are still limited by the availability of data sources from
fixed point detectors such as inductive loops, which cannot desthn#beéetailed state of the road
network. There are still promoting spaces for UTC systems if they are provided with abundant
road information enabling accurate vehicular predictions. The UTC systems are-belsiete

signal controls, not fitting with enceoaged policies of urban people congestion reduction and

mobility improvement.

The review of bus priority schemes in Section 2.3.2 indicates that the development of person
based signal controls is more realistic and meaningful than vebaded controlsrbm the

perspectives of urban maobility improvement, direct travel time costs reduction and social
management. However, the review also finds that the transition from velvaged controls to
persontbased controls is not a straightforward task. The persased controls require occupancy
information from every vehicle and more complicated signal control paradigms assigning different
priority levels to vehicles according to their occupancy levels and resulting in flexible phase
combinations and stage sequears; which is difficult to implement by UTC systems due to

detection technology.

The review of statef-the-art detection and communication technology in Section 2.4 presents
that new communication technology collected road information from various radganced
equipment (e.g. GPS, diard sensors, infrared camera) are available to support urban signal
control systems. They create a communication network among junction controllers and
connected vehicles (V2V, V2I) through wirelessly communication témimeée.g. IEEE 802.11p,
DSRC). Abundant and detailed riale information (e.g. speeds, positions, accelerations)

become available for the next generation of urban signal controls. As an essential data source for
implementing persofbased approaches, vatte occupancy can also be collected from several

sensors, such as-irehicle cameras, roadside cameras, and AVL. Therefore, the signal control
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paradigms need to be changed to accommodate those new data sources to conduct new decision

optimization processe

The stateof-the-art vehiclebased adaptive signal control systems in connected vehicle
environments are then reviewed in Section 2.5. A number of new signal control decision
algorithms are developed and great improvements are found against benchmankidels (e.g.
reducing vehicle travel time, reducing vehicle delay, reducing vehicle number of stops), which
highlights the potential benefits and opportunities of adopting connected information into urban
signal controls as data sources. Thiisation of CV technology improves the performance of
vehiclebased signal controls compared to existing urban signal controls. However, the majority of
adaptive signal controls in Section 2.5 still do not take into account occupancy levels of
information and they ee still vehiclebased signal controls by assuming all vehicles on road are
the same except for their IDs. Meanwhile, simulations are found to be the most common method
to reproduce the proposed adaptive signal controls and evaluate gegformance Andpart of
vehiclebased signal controls considers realistic environments (e.g. coordinated junctions, not
perfect penetration rates, and varying traffic flow demands) to extend their models and

simulation experiments to make them realistic in Faadrld impkementations.

From Section 2.4, the connected vehicle information supports the improvements of transit signal
priority by realizing real occupancy levels of buses. The available occupancy data from CV also
enables the transition from vehicleased to persn-based control to be realizable. Up to now,

there are few researches developed pergmased controls by incorporating vehicle occupancy
data. In next chapter, few researches focus more on petsmed control and flexible signal

timing plans are reviewed.he chapter discusses their limitations and points out the research
gaps, aim and objectives of this project. The challenging and requirements of the new
methodology that need to be adopted to fill in the research gaps are also elaborated in next
chapteras well as a general harmonised evaluation framework to validatpeéhi®rmanceof the

proposed algorithm.
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Chapter 2 reviews the genetd#krature related to vehiclebased signal controls in CV
environments, pointing out the main limitation of the majority of statkthe-art research in
Section 2.6. The connected vehicle also supports vehicle occupancy data, which makes the
transmission from vehietbased controls to persehased controls to be possible. This chapter is
divided into three parts. The first part reviews the statethe-art persorbased controls in CV
environments and signal controls with flexible signal timing plans and highligkitdithitations

and the critical research gaps in urban signal control areas in Sections 3.1 and 3.2.

The second part of this chapter claims research gaps based ditetta¢ure and tries to make
contributions to the study arehy achieving objectives Section 3.3. To fulfil the objectives of
the research area. Section 3.4 discusses and decides the general methodology for this project by

analysing the potential challenges and requirements of developing new péased algorithms.

The rest of this chapt in Section 3.5 structures the evaluation framework to validate the
performanceof proposed persotbased algorithms. The selections of evaluation tools, car
following model, benchmarking signal control algorithms, experiment scenarios and KPIs are
elaborated to ensure that all of the algorithms are tested in a fair and consistent evaluation

framework.

3.1 Thestate-of-the-art personbasedurban signal controls in connected

vehicle environments

Most junction management papers proposed vehisised signal control models with small parts
of all kinds of connected vehicle data mentioned in Section 2.4 such as vehicle speeds and
positions, signal phase and timing information, which are shown ireTab0. These researches

are out of consideration the occupancy level diverges of vehicles on road.

However, some researchers have noticed the importance of considering passenger delay by
incorporating passenger occupancies of transits and cars intodpémization algorithms and
frameworks. Different from vehiclbased controls, persehased signal controls are optimized

and evaluated by unique perserlated objective functionsifinimisng person delay and
minimigng person number of stop) and KPIgdgage person delay and average person number of

stop), which are described below
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1 Minimising person delay is the most commonly used objective indicator to measure the
effectiveness of persebased controls (Christofa et al, 2013b; Yu et al., 2017; Yaalg et
2018). All of the passengers and drivers inside a vehicle suffer the same vehicle delay.
Therefore, the calculation of objective value is extended from the calculation of vehicle
delay, which is represented by:

aQe w O w GO

N

Wherew is the occupancy value of a specific vehicle.

I Minimising person stop is an indicator used in part of perbased controls to measure
the travelling experiences of all people in vehicles (Christofa et al, 2013a). Similar to
minimisng vehicle dlay,minimisng person number of stop is calculated by vehicle
number of stop scaled by occupancy data of this vehicle, which is shown as:

G 0w Yo Yo OTEHD

N

1 Averagepersondelayisthe excesgimesof all people irone vehiclespend to complete its
journey than free flow travel timgits value equals taveragevehicle delay multiples its

occupancy data.

1 Averagepersonnumber of stops the number ofpeople ina vehiclewho switch their
speed to 0 and acceleratipwhich can bealculated byaveragevehiclenumber of stop

multiples its occupancy data.

Some studies developed TSP strategies in CV environments to assign high priority to buses with
more passengers to reduce passenger delay with more attention on buses than on Easssg
(Christofa et al, 2011; Wu et al, 2017). The extension works include investigating the
implementation locations of TSP strategies at arterial levels (Guler et al, 2018; Bagherian et al,
2015; Bayrak and Guler, 2020), considering the bus stops €Yahdg018), bus dwell time (Lin et

al, 2019; Kim et al 2019), bus requests from conflicting directions (Xu et al, 2018) and bus arrival
numbers (Lian et al, 2020). These papers put more emphasis on improving the prediction time of

arrival buses or congéring more details of bus routes and bus facilities.

Other studies focused more on reducipgrsontbased metricsn car and bus mixture
environmentsand have been summarized in Table 3.1. The pebsmed controls assumed that
occupancy data of buses and cars were known information. A pdrased signal control system

proposed by Christofa et al. (2013a) attemptedimimise total passenger delay accounting
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for cars and buses number in an isolated junction. The arrival times of vehicle platoon were

predicted using auto delay estimation theory.

However this paper adoptedixed cycle length, phase sequence and stage combinations. The
simulations mdicated the best result of 4.5% person delay reduction achieved in cross streets
compared to vehicldased optimization during evening peak duration. The system was then
extended to be implemented in successive junctions along signalized arterial ceymdoch

found up to 7.9% person delay reduction in Main Arterial Southbound compared to TRANSYT
(Christofa et al, 2016).

Yu et al., (2019) broke through the assumption of fixed cycle lengths in previous works by
accommodating flexible cycle lengthieTapproach also improved the system to better deal with
the uncertain arrival time of buses, but it was implemented in a fixed tistages isolated
junction. The algorithm extended green time using available green time from the next cycle to
serve arriving buses. The study found a 25% delay reduction for all passengers compared to

persontbased strategy with fixed cycle length.

Vilarinho et al. (2017) developed a Hidsed total passenger delay reduction approach beyond
public transport priority, aiming foassigning different priorities to passenger vehicles with

different occupancy levels under 100% car environments, but it only used a traditional experience
formula to estimate the number of pedestrians. The data sources used in this study were vehicle
arrival flows rather than explicit vehicle trajectory information. The optimized signal plans were

also constrained in a threstage junction with fixed phase combinations.

A userbased signal optimization algorithm was then designeth&ximi® user througput

rather thanminimisng passenger delay in a feleg isolated junction using fixed phase sequence
and stage combination settings (Mohammadi et al, 2019). This paper assumed a vehicular
environment without the presence of buses and used a similar vetriglectories theory adopted
in Christofa et al (2013Db) to estimate the arrival times of vehicles in a platoon under different
statuses. Phase sequence settings are adopted according to National Marine Electronics
Association (NEMA) Standard Hagd-barrier. Results showed a significant increase in user

throughput compared to vehiclbased optimization with the same algorithm.

Hu et al. (2015) developed a person delmsed optimization method that enables bus/signal
cooperation and coordination among aip of junctions under connected vehicle technology. The
proposed method is an extension work of transit signal priority (TSP) logic by using binary mixed
integer linear programs. The advanced connected vehicle data are capable of providing more

accurate los locations and counting passenger numbers in each bus to decide the coordination
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strategies against conventional TSP. The numerical experiments of TSP combined with connected

vehicles found great bus delay reduction than the traditional method.

He et al (2012) proposed a platodmased arteria signal control method considering multiple

modes (buses, pedestrians, cars) in V21 communications. This actuated coordinated method

identified the vehicle stream platoon by connected vehicle. The priority phakbendetermined

by the priority levels of each platoon and choose whether extend a green actuation time or switch

to next phase. The case study tested in a pair of junctions with public transport facilities (bus

routes and bus stops). The proposed methaabvetrengthened later by He et al. (2014) to better

performance in low levels of communications penetration.

Another research attempted tmaximi® the weighted passenger number through the junction

for the disposal of both demands of private vehicles bodes (Polgar et al., 2013). The study

divided the available green time among the signal stages of the junction in ordeatoni®e the

number of passengers crossing the stop line with fixed cycle time and stage order irstageo

junction. The schemehich can acquire a maximum number of weight passengers was adopted

as the optimal strategy to assign green duration for two stages.

Table 3.1 Summary opersonbasedadaptive signal controls using connected vehicle technology

. - A . ySe A =
al Ay | dzi - A /a8 & hoaSOGA@G| {Adylf 54 Gt - {AYdZ | . SyOKYl
R 2R I Y] - N NN - NJF 2 N . R
&SI NJ a sty { OF ¢t § Y2RSt aSaGaA wSazdn] CSNFENN SO s Y2 RSt
LYRAOL
585YI yR ¢20l f
R & GdNYy Ay LIk aasSy
I KNh &adG2 7T LJSN’\J%E;L?QSYR“”‘ Lazfl a Ay A Yo | éCS;\I'EdiéRyC SSKAO] RSELe&T D Lag! ¢w! b C e
HaMo axgyl( Gay GO0l LSNmzy | Oél()fé 200dddy 2F adz2l ' '
0dza aLJS| SYA&AAS
t20L 6dza Sa
55YI yR
N @St
| LISRIB2 YR G CAESR hYR c2dlt +SKPOBS
/I KNRAEG2F ., s a Lazftl aAyRYOREGN | o, o, UdzNY A y=3 T -
Mmoo NBalLR2yairgs 2dzy O | LIENE2Y | asSldzsSy (g G KA Of LI aasy 'La{| 2LIUOAYAL
agaisy l 6e ot S oge RSt L@ alys 1t3
2 00 dzLa
0dza alLls
f20H
CAESER ¢ N} 85t I @SN} 3 /2 2 NR Ay |
o LA TFAS RO ILE § %A{mwaé}g 4S50 dSy +SKROES OSKAOf § L(HL I-Ou‘{dzl-uSAR
IS 8 nlMH YIGKSYEGAOKT y2dzy Od azalt 6§ 2TTAS FyR Lk@a ! SN 3§ / ha 2L AYAI
RSt & 52t & BSKA Of RSt I & {,b/ 1 wh
2 0O dzZLJ ¢ KNE dz3 tla{/hs5
¢ N} #St LA
o a| CAEKR & - Coea ! @S NI 3 .
© e a dAVEARE € G N3 | AAYAVIES| o Ty TSRBOIES sapiord siqqo| [RENRAVE
IS 8&iH nMn - H2dzy Ol ugz2ult @9 casl FPYR L33 A I OudzZ 4 SR
02y (i NEBf - a - 2¥7asi Y 1 @SNI 34 / ha <
RSt & 580t 8 BSKA O RSt 1o aAr3ylf
2 00 dzLd
55YF yR
N g8t
| LISE2 SR CAESR YR c2dtt
KNR&AG2F ) B} > . A Y R YORRAG I - ~ o GdzNy A =3 -
PRNRBO2F 0 S iined2e g n edyqd 20 U asjasyd YINYARI g iaayl 1 Lag! cw! b C ¢
OHAMCO I NI S NR K€ LISNE2Y # 58 Ot & GBS KA Of BST L8
2 00 dzLJ
6dza alLls
t 20
- - - e +SKA Of <A
1 LIS NR S ffolh&a S | . . CAESR . dza RS cC{t/ +x
L. 3 RS 2y a4 AY R I - o s aL R P £ L L L.
| dz @GnMg 2L0GAYAT HiAg| " O2Ya] ary YEa | asljasyq  2LSS ¢ 2 LISINE (RL sy asyina
2 dzy @i A LISNRSYd " . t20FGA2 S . / ha
¢{t 0e& 0f § 2 00 das RSt & b2 ¢{t

76



Chapter 3

traasyasng | Lo, a;d'zzé?fsﬂjj fchE/:SK +8KAOf bdzvo SN
t2f 31 6ldndi RSLISYRSy 2 dzy O 3T 5843 G gRat 3 LRaAGAZ 2F 6SA +L{{Ll CAEHSR'S O
O2Yy UNR¢t Ll 248y 3 2 dzy O 2 00 dzLJ LI} aasy
o a s b2 dzy OS N
| N . oA e A < A A oA
LFLISNRRY/R | § .| caesrk +SKAOH . dza RS RSUGSNIAY
FTNIYSE2NL ] LAzt aAyAY®Eal | | . N oy - f ks
,dz Su ¢ GNFFTTAO &A 2dzy O LISNRS YT aSdezS)/C LZaAuAz ¢2LISNA [ NR 6 dza U
o LI AYAT L 080t S { 200dal y RSt & 2LIGAYAT I
0t SYRSR
ct SEAOGt
481 dSyq + SKA Of
. I . 0edtsS ff 200dzd .
tAfFNAYK 'LISNBRESR G L&a2€l| aAyAYydmal ??\Eéﬁe ”dzédzzg ty L oSNES | camsres o
OHAMT U ardylrt O2yd 2dzy Ol LISNRSBY I & B2 Yo Ayl FYR 6N LISNE 2 Y
I GRS g I NN& @
2dzy O
CAESR R .
. . +SKA Of . . -
_ A . N ] asi ! - 3 + 5
a2 KEYYF BA | dABNESR aA3 Laz2tr| ar Emyams] 20 95Y9 5 sare @S NF SKROES|
GHAMDO A0NF GS38| e2dyOi GRNRdaK| C2YOAYH o gag (BOYOUN  £L{{L 2ZLUAVAILLY
Tt SEAOE 2 00 das i K NE dz3 arys €3
t Sy )

3.2Flexible signal plans in connected vehicle environments

The majority of vehickbasedcontrol (reviewed in Section 2.5) and persossed control

(reviewed in Section 3.1) optimized their signal plans in several limited criteria (e.qg. fixed cycle
length, phase sequence, phase combinations). Table 3.2 provides a summary review of signal
controls using CV data with at least flexible cycle length and flexible phase durations. The
flexibility degrees (whether phase sequence, phase combinations and cycle length are flexible or
not) and the number of phase options of traffic signals they assumeadapt their methods are

also summarized in Table 3.2.

Table 3.2 Summary of signal controls with flexible signal plans in connected vehicle environments
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Only a few existing papers adopted flexible phase sequence and cycle length in their proposed
approaches (Vilarinho et al., 2017; Liang et al., 2018, Priemer and Friedrich, 2009; Guo et al.,
2019). However, the algorithms employed in these studies either consider a simplified junction
with two oneway streets or only three or foyphase options foa three/four approach junction.

The simplified assumptions of junction layouts limit their methods to be applied irwadd case
studies or scenarios with unbalanced and fluctuating traffic demands, which cannot be regarded

as completely flexible.

Someother studies offered limited phase sequencing options by using the NEMAidgadignal

phase structure, which does not allow flexible signal strategies, such as phase skipping, between
two barrier groups (Feng et al, 2015; Beak et al., 2017; He 20552, Mohammadi et al, 2019).

The signal plans in these studies operated with a fixed phase sequence order and a phase to have
zero duration due to minimum green times are also not allowed. This simplification reduces the
number of phase sequence optionatbimits the flexibility degree of signal plans adapting to

varying traffic flows.

Lee et al. (2013) determined the next optimal signal phaseibymisng the CTT of vehicles with
flexible phase sequences in afpBases junction. However, the algorithread fixed phase
combinations and it only optimized the first phase without consideration for the impacts on
future phases. This caused the decisioaking process only get a sobtimal solution rather

than an optimal signal plan for the whole period.

Tothe best knowledge of the author, there is only one vehlwdsed control study that developed

a complete flexible signal plan approach in the generalizptig&es junction (Liang et al., 2020).
However, the flexible signal plans in this paper were opeatateserve the departure sequence of
the first platoon to reduce vehicle delay. Completely flexible signal plans are more valuable and
sensible in persobased controls than those in vehidd@ased controls due to various priority

levels of car and bus segices. As different signal plan decisions will result in different statuses
of vehicles, the prediction departure time of vehicles will also need to be changed. Therefore,
there is a critical research gap that more flexible signal plans should be optifaizeerson

based signal controls to better react to passenger cars and buses with various occupancy levels
from different directions and arrival lanes. The new vehicle trajectory andbtiawing updating
theories need to be developed to predict the defaie time of cars and buses under different

potential signal timing plans as well.
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3.3Research gaps and contributions

3.3.1 Research gaps

There are a few papers summarized in Table 3.1 that developed pbesmu controls focusing

on passenger delays inding public transport, some of which extended the perbaised

objectives towards a regular junction environment with/without the interpretation of public
vehicles. This enables signal control transitions from vehiateed systems to persdmsed
systensutilising CV data. From the experiences of TSP strategies, flexible signal timing
approaches were adopted for buses with more passengers than cars to award higher priorities,
e.g., stage skipping, green extension, and stage recall (Anderson et al,l20@@)er, the

vehicular environments of different occupancy passenger vehicles with/without buses are even
further complicated for controllers to reach the total passenger delay objective as it is hard to
predict the arriving distributions of passenger i@hs, which lane they will arrive and related
occupancy sequences. Inspired by TSP strategies, complete flexible signal plans should be adopte!
for personbased controls with flexible stage sequences, specific phase combinations and phase
durations. Howeer, from Table 3.2 the statef-the-art researches do not adopt completely

flexible signal plans in persdrased approaches. They also do not understand how different
possible signal plans will impact the vehicle trajectories, departure times of veadferent
occupancies and the decisignaking process of persdmsed approaches. Those researches lay
particular emphasis on adjusting signal schemes to provide priorities to transits rather than
vehicles and still do not answer how to react to diffarpriority levels of passenger cars on

normal urban roads.

On the other side, small groups of the signal control plans adopted in péesed controls in
Section 3.1 are not completely flexible and they do not explore the impacts of different possible

signal strategies on vehicle trajectories and departure times.

While no research understands how perdmased signal control paradigms would be and what
are their potential benefits for urban mobility and person congestion reduction over adaptive
signal catrols. More specifically, how would perstvased control be in realistic scenarios? As

can be seen in Figure 3.1, the research gaps are found litalegure:

w There is no research developing perdmsed signal controls with completely flexible
signal pans in CV environments in a generalizegh@ses options isolated junction. It is
unknown how the trajectories and predictive departure times of vehicles from different
lanes with different occupancies will be changed with possible signal plans, andhvésev t

changes impact the persdmased will signal control paradigms. More concisely, what
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persontbased control paradigm would exactly be, which sort of data could be used in
persontbased control and how to use them.

w There is no research developing coordedparadigms for persehased controls with
completely flexible signal plans implemented in multiple junctions. Houtitise the
information from adjacent junctions and how to achieve coordination for petsased
control are unknown.

w It also needs tdigure out how to develop persebased signal controls with completely
flexible signal plans in vehicle mixtures of cars and buses, and how to implement-person
based controls in real word case studies with more realistic scenarios including varying
traffic flow demands, CV penetration rates, planning durations and other variables and
what are benefits in these different scenarios.

w There is no research answering how to develop peisased signal controls with
mixtures of CVs and conventional vehicles indase that not all of the vehicles are
connected. How to improve theerformanceof persortbased controls when part of

vehicle trajectory and occupancy data cannot be acquired.

Vehicle-based
rather than
person-based

Partially person-
based

Meanings and potential
benefits of person-based
control (Section 2.3.1)

TSP strategies
(Section 2.3.2)

Traditional urban signal
controls (Section 2.2)

Lack of real-time Inspirations
data sources

_______________________________________________________

y CV data with /= A
CV data sources and occupancy Person-based controls in
wireless communications CV environments
(Section 2.4) (Section 3.1)

4 AN

Flexible signal plans
(Section 3.2)

CV data Research gaps

A 4

More realistic situations: coordinated
control paradigm, mixture fleets
with/without buses, imperfect CV

penetration rate ]

Vehicle-based controlsin
CV environments
(Section 2.5)

Inspirations

_______________________________________________________

Figure 3.1 Overview ofiterature review and esearchgaps

3.3.2 Contributions of this research

Aim and objectives in Sectidn5 try to fill in the research gaps. The contributions of this project

are:

80



Chapter 3

w A threelayered DP persehased signal control mechanism PerSidanction is
developed in isolategunction and CV environments. This signal control system searches
for the most suitable signal timing plans to reach the minimum person delay in the
defined planning horizon. The possible signal plans and corresponding delay reduction
benefits are consided here. Inside PerSicalunction, a signal phase transition
exploration mechanism is developed to efficiently explore all possible signal timing plans
for every next planning step according to roonflicting phase rules. The vehicle
trajectory and caiffollowing updating theories are proposed and used for predicting
discharging time of all vehicles from incoming lanes under different cases.

w A personbased control PerSiceBus with completely flexible signal plans is developed to
apply PerSicodunction irmore complex vehicle mixtures of cars and buses in
generalized §hases options isolated junction. Buses are considered to be a special
vehicle mode which can be incorporated into the algorithm of PerSicmation. A
realistic isolated junction and a nurar of scenarios are constructed to investigate the
performanceof the proposed method against benchmarking models involving vehicle
based controls using CV data. Tieeformanceare evaluated under car and bus mixtures
under varying flow demands, as well as other sensitivity analysis factors such as CV
penetration rates and bus occupancies.

w The proposed PerSicavetwork extends PerSiceBus to coordinated paradigms to
better undestand how persofbased signal control with flexible phase combinations and
stage sequences would be implemented in multiple junctions. The CV information from
both surrounding CVs and adjacent junctions can be acquired to enable junction
controllers to hae knowledge of vehicular situations within further range. In order to
incorporate further information properly for controllers to make adaptive signal timing
decisions to all surrounding vehicles with different occupancies, the data from the
adjacent juntion will beutilised as a supplement form of predictive vehicle arrival time
list according to vehicle trajectory data and signal strategy. Awedd road network is
built to evaluate theperformanceof PerSicosNetwork.

w Estimation status of Unequippedehicle with Occupancy (EUVO) algorithm is proposed to
improve the behaviours dPerSicorNetworkunder imperfect CV penetration rate
environments. The EUVO algorithm coltaethicle data from roadside cameras and

inductive loops to support the data iniandperformanceof PerSicoANetwork

It is worth noting the relationships between different proposed perbased algorithms.
PerSicorJunction is the initial version which only considers passenger cars in isolated junction.

PerSicorBus is an evolutioof PerSicorJunction, which incorporates bus mode with higher

81



Chapter 3

occupancy levels against passenger cars in isolated junction. Pel&itwark is an upgraded
version of PerSicoeBus, extending the junction scales from isolated junction to road networks.
TheEUVO algorithm enhances the data inputs of PerSBmnto improve itperformancein

imperfect CV penetration rates.

3.4 Challenges for modelling adaptivyeersonbasedsignal controls in

urban isolated junction

In contrast to the vehiclbased approactthere should be an additional vehicle occupancy level
state variable to be considered in the persbased signal control paradigm due to occupancy
levels in passenger cars are different. The signal control design and signal timing strategies, in
personrtbased control, may make different choices to guarantee the Fgfvays of all

passengers in junction surrounding vehicles with+eaé information from CVs. The design of
persontbased signal control algorithm is not an easy task as constant vehicledtnandls,

irregular vehicle and inside passenger arrival distributions, varying traffic state parameters and
the influence of signal plan decisions on vehicular environments cause the traffic situations more
complex than the vehickased approach. In ordéo develop a fair passenger occupancy priority
assigning system that specifically reacts to the-teaé road network environment, several

challenges need to be considered:

Special persotbased signal optimization mechanisrithe most common adaptive veldebased
signal controls follow fixed, or dual ring (Feng et al., 2015) phase sequences, and provide green
durations to specific stages according to vehicle queues or vehicle trajectories. It is suitable when
vehicle numbers are only determinable for sigpknning decisions as all vehicles account for the
same proportions of weights with a slight impact on vehicle delay. While the public transport
priority-based strategies apply different signal timing priorities to detecting public transport
vehicles, soh as stage skipping, green extension, and stage recall (Diakaki et al., 2013), which
breaks the current stage ordering sequence for the aim of assigning higher priority to those
vehicles with a mass amount of passengers. This is because public trarpoleswith more
passengers are more susceptible to be suffered from delays than passenger vehicles from the
perspective of reducing person delays. The flexible stage schemes could also be implemented in
persontbased signal control in urban junctions &l passenger vehicles. However, this leads to a
more complicated signal optimization mechanism for a pesisased approach since flexible

stage schemes would be extra determination factors for signal timing design.

The persorbased approach controller shild select the priority green stage rather than the pre

defined stage sequence for next stage to better reduce person delay. While various patterns of
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unpredicted passenger occupancy levels in queuing or arriving make signal controller challenging
to idertify which lane and how many vehicles should be awarded junction crossing priority. In the
public transport prioritybased approach the green time priority will be given for detecting public
transport vehicles and related lanes it belongs. In velielsedapproaches, if flexible stages

adopt, those lanes with higher queuing vehicles might be promised priority as more vehicles will
be discharged before stage switches. However, neithénerh can apply to the perschased

urban signal control approach. Adia example illustrated in Figure 3.2 can describe this situation.
Without the consideration of passenger number, the queuing platoon with four vehicles in a
vertical lane in Figure 3.2 is more efficient to be provided with priority than two queuing @ghicl

in conflicting lanes, taking into account the average vehicle discharging rate andstarie loss
caused by stage switching. However, if comprehensively considering the influence of passenger
numbers in each of the vehicles in Figure 3.2, the hatadane will acquire green premption

first due to higher occupancy rates in two vehicles in the horizontal lane. This situation will
become more complex if more combinations of different passenger occupancy levels occur. The
circumstances in Figure 302 more complex traffic situations indicate that the perdoased

signal controller cannot assign priority to those lanes wlignhighest occupancy level vehicle, or
decide the priority according to vehicle number in a separate lane. The pbesed sigal

control should develop a special innovation signal optimization mechanism to manage the global
maximum benefits and travelling experience through properly deciding the priofritghicles

from different lanes
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1 person each vehicle

m 4 people each vehicle

Figure 32 A basic example: priority should be provided for which langeirsonbasedapproach?

Stochastic passenger level distributions among different lan€kere is typically more than one
lane per incoming approach serving all vehicle movements (left turaigst, right turn) in one
junction. Two or three of those neconflicting phases could be operated with green lights at the
same time to share the limited junction spaces more efficiently. Theaooflicting phase
combinations in the vehiclbased approah are fixed; loop executing one stage after another.
The signal timing plan for bus priority also follows this trend, enlgchingto the specific stage
when it involves a high priority arriving bus at the current time. However, notably, the proportion
of buses in the total vehicle number coming towards the junction is rather low and buses are
moving along relatively regular routes. As for passenger vehicles in the situations of the-person
based signal control approach, those high occupancy vehiclasglya3 or 4 people in each
vehicle) occupy a considerable part of the total amount of vehicles and their arrival patterns are
stochastic. The distributions @€hicle occupancgre varying, unpredictable and irregular among
all possible lanes approachittge junction. The vehicle groups with high occupancy level
combinations may appear in nazonflicting phases out of prdefined stage settings and

situations may be changeable in the following stages. The present wlaisdel signal control
algorithms ae hard to satisfy the requirements of reacting to such dynamic network situations

and reducing passenger delay. The flexibility of the pefsased signal design paradigm needs to

84



Chapter 3

be significantly extended to explore the most appropriate signal timingilpitigsto react to
various occupancy level distributions and improve passenger mobility on the premise of ensuring

junction user safety.

Constant vehicle flow demand towards junctioifhe persorbased signal control optimization is

a dynamic planning pr@ss. The constant vehicle flow demands travel towards the junction from
different directions at every time step, with varying passenger occupancy levels. The incoming
vehicles continuously bring variables to junction environments and vehicular statusasd t
influence the priority strategy judgement made by the perdmmsed signal controller. Vehicles

with a high number of passengers may arrive in the following time and step out of the detection
region of the current junction; join the lane regarded asw priority to reform junction priority
situations. The adaptive signal control system using connected vehicle data can merely capture a
snapshot of current localization traffic conditions, based on which predicts the-tdrontfuture

traffic state and opimize signal timing parameters (Islam and Hajbabaie, 2017). Signal controllers
need to figure out reatime signal timing plans that yield the highest perdmsed objective

functions over the prediction horizon period in isolated urban junction, elinvigathe

unforeseen changes in constant traffic demand as possible toward global optimal solutions.

Influence of signal decision to next stat&he principle of reinforcement learning approach of
stochastic approaches introduced in Chapter 2 indicatesdbatroller decision in the next state

is a consequence of vehicle states, junction actions and rewards in the current step. Yekimie
controls assign green time for each stage according to queuing vehicle numberstimesal
vehicle flows in the curm lane and it does not need to explicitly consider the influence of the
controller decision. This is because the general objective of the vefasked approach is to
discharge more vehicles with the same priority weights at the same time. Ensuringtigneen
assignments for saturated flows is rather effective. However, the pebs@ed approach needs to
take into account passenger vehicles at different priority levels and it is more likely to switch
active traffic lights to other stages with higher prigriehicle groups. In this case, the role of the
current signal timing decision is critical to affecting the signal timing optimization process over
prediction duration. The signal decision of the junction controller made in the current time step
(extendirg green stage time or switching to any possible next stage) have effects to unblock or

obstruct all vehicles and passengers inside them in all approaching lanes.

The value of predicted crossing times of those high occupancy level vehicles and lanethiate in
next time step partial depend on immediate signal stage arrangements. The estimated high
priority vehicle group crossing time will be postponed if the current lane is inactive with the red

traffic light. This may lead to different perstmased objectie function values in the next time
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step as the priority centre probably shifts to other lanes or postponed prediction crossing time.
Therefore, formulating the environmental state every time step to explore all the possibilities for

persontbased functiorvaluesis important

3. 5 Requirementsfor modelling adaptivepersonbasedsignal controls in

urban isolated junction

Personbased signal controls in urban isolated junction is a rarely implemented design concept,
which makes it challenging to determine the format of the signal timing optimization paradigm. It
IS not the first time to propose the persdmased signal condt approach for an urban isolated
junction. In Vilarinho et al. (2017) the proposed control system attempted to consider the
occupation of any vehicle and fairly treat vehicles and their passengers. The system should bring
up the benefits of stage desigasd phase change as needed to repldwfixed paradigmThe

paper also discusses how a perdmsed approach would look like to be to react to unexpected
traffic events including varying occupancy levels. Combining with the challenges of the-person
basedapproach against vehicleased signal control need to be addressed mentioned above, the

characteristics of expected paradigm formation of the perbased approach are:

Delay predictions for every vehicle in any junction approaching laifike first challage of the
personbased approach claims that a new signal optimization mechanism should be developed to
ensure the urban junction discharges people in passenger vehicles at the highest rates. The
distributions of vehicle occupancy levels are varied in dyina&nvironment states so it is hard to
calculate how many vehicles in which lane should be prioritized directly. For instance, the signal
timing duration awarded based on queuing vehicles in petsased approaches or stage

resetting for arriving buses drits prediction of crossing time in the bus priority approach are not
suitable in these complex situations. The vehicles waiting for departure in incoming lanes are
separable into different vehicle groups with different discharging opportunities. Prayvidire

green active duration for one crowded lane means more queuing vehicles are expected to be
discharged in the following time, but may not be the optimal discharging rate. In the proposed
persontbased approach, it is essential to predict explicit dragtime corresponding to every
passenger vehicle in any incoming lane in an isolated junction. Only in this way junction controller
is capable of figuring out which kind of signal timing strategy should be adopted, how many
vehicles in which lane could lbeleased as predicted, and whether it is the most efficient solution

to reducing person delay, improving people's mobility and petisasedperformance

Traffic states update for every stag@he crossing time prediction for every vehicle relies on the

newest traffic states in the approach lane, more specifically, how many vehicles are in front of it,
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what are their statuses and whether the junction controller assigns lasting green time priority to
this lane. The last challenge mentioned above presentsttiecurrent traffic state is affected by
the traffic state and signal timing strategy last time. It also becomes recursive to be a critical
factor to determine various junction states in the next stage with different controller actions. Any
one of the fasible signal timing schemes is possible to achieve the underlying peased
objectives, part of which may significantly be different from signal strategy in vefasied

controls and result in different traffic states. It is challenging to figurewhith signal plan should
be executed unless all of the possible schemes are judged by a new {Eset mechanism at

the end of the prediction period. The perstmased signal optimization approach should be able
to identify the relationships between traff states in the current time step and last time step.
Moreover, the traffic states in every time step need to be updated and recorded for the sake of

exploring vehicle crossing opportunities and their benefits for passenger mobility.

Flexible stage sequeares and phase combination$he most common vehicleased adaptive CV
signal controls are constrained to follow a atetermined stage order. Dual rirand-barrier

diagram (shown in Figure 3.3) is a standard formation of fixed stage sequence adaptedin man
vehiclebased approaches such as (Li and Ban, 2017). The traffic signal in an isolated junction
successively executes two noonflicting phases in their separate rings (for instance, phase 1 & 5

in the first stage, phase 2 and 6 in the second stageuré-3.3) and repeats the cycle. Given the
fact that passenger vehicles with higher passenger occupancies may instantaneously arrive at the
final place of fixed stage order to cause heavier person congestions, the proposed-passsh
approach provideshe possibility of no prelefined stage order. The next signal timing stage

scheme can be assumed any phase combinations (e.g. phase 1 & 5 or phase 1 & 6 in Figure 3.3) ©
any flexible stage sequences (e.g. executing phases 4 & 8 as the first stagear3 RBpuithin

permitted ranges. Therefore, the perstiased signal controller has capable of selecting any
possible but permissible stage on the basis of the most beneficial stage plan for {eseh

objectives at any prediction period for solving thesrd challenge, considering all vehicle users

present and expected in junction.

87



Chapter 3

Major Street Phases Minor Street Phases

@1 p2 . @3 ", 7 S
Ring 1 ..
25 06 Q7 D8 5
‘ I | T\ "a,
Ring 2 " } r ‘
" v - >
Barrier Barrier

_> Protected Phase

----- > Permissive Phase

~ - » Pedestrian Phase
Figure 3.3 Standard ringand-barrier diagramKoonce et al., 2008)

Different from sequential signal timing plans in vehigésed signal controls, flexible signal
planning in persotbased control may result in uncertain stapd-go behavioural adaptation in
drivers as they cannot learn the dynamic decisioaking mechanis of the controller rather

than the repetitive structure. As a result, the expecmatformanceof personbased controls may
be reduced if drivers hesitate to cross the junction at the earliest chance. However, the CV
technology allows twavay communicatia between junction controllers and CVs, which has the
chance to solve this matter. After determining the signal plans for pebssed controls, the
junction controller can inform timing opportunity for each driver in CV to cross the junction by

wireless ommunication to make them have mental preparation in advance.

No constraints of cycle lengthminimum green time and maximum green tima another

version Minimum green time, maximum green time and cycle length are typical traffic signal
parameters usedithe vehiclebased approach. Minimum green time is adopted as the first
portion of the green interval and is set for the consideration of satisfying driver expectancy and
clearing storage of vehicles between the detectors and the stop line that canragtbeted in

the presence of inductive loops (Koonce et al., 2008). The minimum green time setting has
appeared in another version. This is because in the pelssed approach, the signal transitions
are more flexible (e.g. phase 1 & 5 or phase 1 & 6) ta@dehicle clear time is calculated by the
personbased signal optimization mechanism and traffic states obtained by CVs. This-person
based mechanism can determine the signal timing assignments more precise according to the
benefits to all passengers uehicles while meeting the requirements of minimum green time by

using CV communication systems.
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The maximum green time and cycle length are produced to prevent one of the approaching lanes
from operating overlong duration and excessive waiting time bifales in other lanes. In a
persontbased approach, the cycle length and maximum green time are hard to be defined due to
flexible phase combinations and stage reorder. Therefore, the fixed cycle length is not adopted
and maximum green time appears in anettversion. Instead, the persdrased control agent
evaluates whether it is worthy and favourable to continue the green time or turn into another
stage with the highest benefits to people's mobility. The green duration can be assumed at any
value without onstraints of cycle length. To replicate the negative effects of serving one lane for
a too long time, the perscebased approach introduces the accumulated waiting time of
passengers in any vehicle detected as a factor into pebs@ed objective functiondoreover,

the green time for a specific lane will be terminated if it serves too long and the signal plans

related to it are excluded in the next step from the list of all possible signal schemes.

Rolling horizon approachAs discussed in the third cletige,CVcommunication allows junction
controllers a detailed snapshot of dynamic networks and a pebssed approach need to figure
out the optimal solutions for the future period. To avoid unforeseen changes in dynamic traffic
demand, and occupancy leldistributions and reduce the complexity of the problem formulation
as possible, a rolling horizon solution technique is developed. The proposed approach collects
data at the moment time step and predicts the traffic state for certain time steps upeo th
prediction period. The persebased approach then figures out optimal signal timing parameters
that yield the highest objective function values at the isolated junction over the prediction period.
The decisions for signal timing schemes will be impleeitom the next time step until the

prediction period ends. The optimization process is triggered again and repeats the same works.

3. 6 Methodology consideration fopersonbasedsignal controlapproach

in isolated junction

The characteristics of the pgonbased signal control approach should have are presented in
Section & to solve all of the challenges for the transformation from vehizsed approaches.
This project reviews the statef-the-art vehiclebased adaptive CV signal control systems in
Chapter 2. The review of vehicleased signal control decision algorithms indicates that there are
five alternative options for developing a new perdossed paradigm: integer programming and
solution algorithms, traditional theorpased methods, stochastapproaches, multagent

junction managements and analogy methods.

Other methods except integer programming are not suitable for petsased control with

completely flexible signal plans. The traditional thebased methods determine the signal
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timing parameters such as green duration split, cycle length, and offset based atinnedlow
demands or the number of vehicles in a certain section collected by CVs. It is not suitable to be
adopted in persofbased control as those flow demands which indiaagional vehicle counts
cannot shift to explicit traffic states in every stage. Hence, the traditional theasgd methods

also fail to predict the crossing time of every passenger vehicle and compute the different
occupancy level priorities of any vel@group. The stochastic approaches are effective in small
traffic networks and they have gogeerformancewhen traffic signal timing selections are limited
such as in some cases in vehiglesed approaches (Hu et al., 2014). However, as discussed in
Sectim 35, there have potentially plenty of traffic signal choices in pesisased approaches to

find out the most appropriate to reduce passenger delays. The number of traffic state patterns in
a personbased approach is also greater than in vehRiidsed appoaches due to additional
occupancy level distributions in different incoming lanes. The matching of state patterns and
junction controller action patterns is much more difficult and complex for stochastic approaches
such as reinforcement learning methoasd neural networks, also resulting in severe time
consumption for model structure construction. Therformanceof stochastic approaches are

also very sensitive to changes in traffic state parameters and susceptible when traffic volumes and
road network sales increase. Mufagent junction managements are more appropriate for traffic
vehicular environments in the presence of autonomous vehicles. This research only focuses on
the personbased approach in connected vehicle environments. Besides, they emphis

vehicle platoon trajectory planning negotiated by junction agents and vehicle agents, which may
be hard to calculate the highest persbased objective function values in a perdmased

approach. Analogy methods are not prevailing vehiidsed appoaches, and lack validation of

signal control principles argerformance

Therefore, integer programming is chosen for modelling the petsased signal control approach
due to its optimization capability to formulate perstwased objective functions @.minimisng
average person delay) mathematically and figure out the optimal signal timing parameters with
the highest objective values under finite available signal scheme options over prediction period.
The integer programming can increase the numberafstraints for describing the vehicle's free
slow or queuing status, maximum vehicle discharging rates and lowest crossing time, and
available signal strategies considering collision avoidance conditions and their respective
passenger proceeds. Modelliognstraints for integer programming contribute to finding out all
eligible signal timing options and computers are sufficiently fast to model the pérasad
outcomes of different junction choices. Therefore, it is applicable to be formulated in coteglica
traffic situations and execute the optimization process inteak signal approach

implementation.
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Integer programming solution algorithms have been reviewed in Chapter 2 and dynamic
programming is selected as the methodology for the propgsedonbased approach. The

reason to choose dynamic programming is it is a powerful technique to solve a particular class of
problems and able to characterize the optimal decision based on partial solved solutions, and
thus, more efficient than other solign algorithms (e.g. enumeration approach, branch and

bound approach) avoid duplication of same traffic situations. It is also more reasonable than part
of solution algorithms such as greedy algorithms to calculate the optimal solutions for the whole
prediction period rather than one stage, emphasizing the relationships between two consecutive
time stages. Nevertheless, the usage of dynamic programming requires a recursive structure for

solving problem and it is only applicable to those problems which baveral properties:

w The given problem can be partitioned irdmaller sukproblems

w Each of the suiproblems can bsolved independently.

w Optimal solutions to the suiproblems contribute to the optimal solution of the given
problem

w Sub-problemsshouldhave the sameptimal substructureproperty.

The persorbased approach in isolated urban junction follows all of the requirements for
developing a dynamic programming method. As for a certain prediction period, the signal timing
optimization problem for tis duration can be broken up into syioblem, for instance, figuring

out signal timing optimal solutions in a shorter prediction term. The estimation process of
junction traffic states can be regarded as a recursive structure, those of which in everete
results of traffic states and junction actions in the last step and can be part of references for the
next step. All of the suproblem that have been solved would not take effect in the junction
states in the following step. In the first step, therporntbased algorithm attempts to find optimal
traffic signal plans for the current step as an outcome of the smallespratiiem. The recorded
sub-optimal solutioncan be directly quoted to calculate the benefits for passengers in the next
step without over-lapping optimization from the very beginning. Moreover, the algorithm only
remains and records the signal plan with the highest value results reacting to the same situation
at the current step to avoid the unnecessaryaaculation of the rest of thpossible signal plans

to reduce time complexity; repeats the same optimization process until the final step.

The initial adoptions of dynamic programming methods in adaptive CV \iasist signal

control systems, such as (Feng et al., 2015; PriemeF&adrich, 2009), only consider the explicit
green duration for a specific stage or limited stage selections available for junction controller. In
the proposed signal control approach, the dynamic programming method is used to explore the

optimal signal tining solutions for the greatest persdrased objective values based on all
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possibilities of flexible stage sequences and phase combinations for every time step efficiently.

Two ways of dynamic programming approaches are considered:

Forward recursion dynanai programmingthe problem is solved by starting from the first step

and proceeding toward the last step. The value function of the initial state is set to zero. The
result obtained at a step is used as a consideration of the decision modifiers of the stahe

next step. This recursive optimization process will continue until the last step. The optimal policy

with minimum cost or maximum benefits will be adopted at the final step.

Backward recursion dynamic programminigt a backward recursion casegtbptimal decision is
computed starting from each state recursively, beginning at the last period. The value function for
a state represents the cost of an optimal decision sequence beginning from the given state. In the
last step, there are no decisioreftito be made and therefore the value function for all states is

set to zero. When the decision space left is adequate to execute a policy, its corresponding value

will be recorded to find the optimal solution with the greatest value function until tre fitep.

The backward recursion dynamic programming needs to realize all of the passenger mobility
benefits when the junction controller takes any signal timing plan in any step from the last state in
the first step. As for the persebased approach, thbenefit values to passengers in vehicles are

not identified at the very beginning as the dynamic traffic state determined benefit value in the
next step cannot be figured out until the junction state and action in the last step are obtained.
Therefore, irthis project, the forward recursion dynamic programming will be used to model the
core part of the persoibased signal control algorithm to find the highest objective value for

passengers.

3.7 General evaluation framework for proposed persdrased controls

Signal control evaluation is a critical part to validate peeformanceof proposed algorithms. In

this section, the simulation tool and ctollowing model used for operating signal controls and
imitating vehicle behaviours are discussed and seledibd.benchmarking signal controls are

also described to compare and validate the effectiveness of the proposed algorithm. It is
important to ensure that the benchmarking models and proposed algorithm are operated in the
same vehicular and traffic dynamicveronments and evaluated under a consistent and fair
evaluation framework. Therefore, the developed evaluation framework is consistently applied for
all of the signal control algorithms and key points of the evaluation framework are summarized in

summary.
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3.7.1 Microsimulation tool selection for this research

The methodology to validate thegerformanceof the proposed algorithm PerSiCGdanction needs

to be considered and selected. There are three frequently used methods in transport research:
analytical omputation (e.g. developing cdinllowing models (Krauf3, 1998), simulation and field
trials. Considering large amounts of CV and wireless communication devices are required in this
research to achieve PerSiGaunction, the field trial approach would bdfaiult to implement

such researches logically due to the heavy cost of CVs and wireless communication devices and
large scaled test sites for trials. Meanwhile, the performance indicators in real trials for the CV
technology approach are complicated to éalected. The directly analytical computation

approach also appears to be unrealistic for this research because the junction control system and
performanceinvolving large numbers of vehicles, communication systems and controller agents
are too complexad be measured. Microscopic simulation is found the most suitable way to
approach this research compared to other main research approaches due to the low cost and

efficient KPI collection process with highrformance computation of computer.

There are thee types of simulation which can be used to evaluate road network performance:
microscopic, mesoscopic and macroscopic simulations. Microscopic simulations collect the
behaviours of individual vehicles in the road network, such as speeds, and locatianesttgic
simulations collect th@erformanceof the road network or a zone as a whole area, for instance,
vehicle flows and average speed for a road section. Mesoscopic simulations consider the small
groups of traffic elements with similar traffic behawrs, such as flows and average speed of
vehicles from one lane. Mesoscopic simulations are relatively less computationally intensive than
microscopic simulations while providing more detail than macroscopic. In this project, the
microscopic simulations allv large quantities of detailed vehicle information to be collected with
different characteristics (e.g. vehicle occupancy levels) to be compared among models. Detailed
information on the individual vehicle is also necessary feGANB as data sources, whicannot

be captured from mesoscopic and macroscopic simulations. Therefore, signal control models are
applied in microscopic simulation to test tperformanceof the proposed algorithm with

benchmarking models.
The microscopic simulations available fiois project should satisfy several criteria:

w The simulation software shoulthve accessible documentation
w The simulation software should support CV as a user case.
w The simulation software should contairseriptingfunction though which the traffic

models and traffic signals could be controlled.
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Three microscopic simulations were found to meet the several criteria mentioned above: Aimsun
(Barcel6 and Casas, 2005), SUMO (Krajzewicz et al., 2006), and VISSIM (Fellendorf, 1994). Some
key features of thehree microscopic simulations used to identify which one is most suitable for

this project have been reviewed in Table 3.3.

Table 3.3 Comparisons of microscopic simulations

VISSIM SUMO Aimsun
License Commercial Opensource Commercial
Visualization 2D/3D 2D 2D/3D
Vehicle types Car, bus, truck Any types Car, bus, truck
Scope City/Region City/Region  Regional/Countn
Paralleloperation 4 instances With multi-scripts  With extra cost
CPU usage 50¢60%(2D), 6@ 70%(3D)  30¢ 40% 30¢ 40%
RAM usage 720MB(2D), 12-16MB  300- 400MB(2D)
780- 800MB(3D) 1GB(3D)

VISSIM is a commercial microsimulation package based on the Windows system which uses the
Wiedemann cafollowing model (Wiedemann and Reiter, 1992). It only suppssimulations

of cars, buses and trucks. VISSIM has a link to TRANSYT which can be reproduced as a
benchmarking model. VISSIM also integrates travel demand modelling tools to assist road
network buildings. Vissim has the best graphical representationtwdlipports a two/three
dimensional preview of road networks and it provides more realistic vehicles, pedestrians and
even static city buildings. However, the scripts can only interface with VISSIM after the
simulations have been operated. The CPU and mgrasage of VISSIM is the highest among the

three microsimulation software.

Simulator of Urban Mobility (SUMO) is an opgurce microsimulation package which supports
Windows and Linux operating systems based oA@sowing models of Krauf3 (Krauf3, 1998)M
(Treiber et al., 2000), or Wiedemann (Wiedemann and Reiter, 1992). Unlike VISSIM and Aimsun,
SUMO does not provide visualization details of vehicles and surrounding buildings. It also does not
have links with other traffic signal controllers due t® @pensource licence. SUMO supports

parallel simulations with different scripts so that there is no extra cost. The CPU/memory usage of
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SUMO is the lowest and the simulation in SUMO can be operated starting from its scripts, which

ensures that SUMO sinmatlon is more efficient than the other two simulations.

Aimsun is a commercial microsimulation package based on a Windows system with Gipps car
following model (Gipps, 1981). Aimsun has the largest simulation scope from the regional level to
the country level. It also has butih demand modelling tools to simplify road network modelling.
Similar to VISSIM, the simulation in Aimsun needs to be running before the scripts can be used to

interface with signal controls.

The overview of three microsimulation sefire find that the script operation property of SUMO

is superior to VISSIM and Aimsun as it supports parallel simulation without extra cost and the
scripts can be operated to interface with the simulation. These benefits can save simulation
operation timein performance evaluations of proposed PerSiQonction and benchmarking

models with the number of experiments. Moreover, the algorithm mechanism of PerSiCon
Junction is rather complicated and it requires more computation complexity than traditional UTC
systems. The last memory storage and CPU occupation in SUMO enable the proposed algorithm
to be implemented smoother. SUMO also supports more vehicle types than VISSIM and Aimsun,
which can make PerSiGduanction scalable to more complicated vehicularaitans in future
research. Therefore, SUMO is selected as the most appropriate software to simulate models in

this research.

3.7.2 Carfollowing model consideration

Section 37.1 identifies that SUMO is the most appropriate software to simulate the prapose
signal control algorithm. SUMO implements a few walidated caifollowing models, namely
Krauf3, IDM, or Wiedemann. Pourabdollah et al. (2017) evaluatepatiermanceof three car
following models using reatorld vehicle data. The results indicatddht IDM carfollowing

model replicated better driving behaviours than the other two models in the case of high driver
imperfection parameter. IDM cdpllowing model is more suitable to be applied when driver
reactions are almost perfect or in vehiculanronments with AVs. The performance of Kraul3
improved significantly with optimized parameters and time delay. Another research found that
Krauf3 caffollowing model performed better than the other two models in mixed traffic scenarios

with passenger camand buses (Mathew and Ravishankar, 2011).

This study develops the persdmased signal controls with CVs and conventional vehicles. The
proposed algorithm could be scalable to incorporate buses with higher passenger volume in
Chapter4 and other vehicle typs (e.g. emergency vehicles) with different priority levels in future

research. These vehicle types have different parameters including vehicle length, saturated flow
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and acceleration rates. In addition, Krauf3 can generate stable and ceflis®trafficflow, which
has been validated (Krauf3, 1998). Therefore, Krauffolawing model is considered to be most

appropriate for this research.

3.7.3 Benchmarking models foralidation
3.7.3.1 TRANSYT fixetime control

Fixedtime control uses historicataffic demand data as inputs and deploys an offline
optimization process to generate predetermined signal plans. The junction controller operates

through the stages sequentially and repeats the cycle. Figure 3.4 illustrates a flowchart for a fixed

Start TRANSYT

Elapsed time =0

time cantrol mechanism.

Whole network run
out?

End TRANSYT Yes

No

Elapsed time <
Stage duration?

No

v

Change to next
stage

T

Elapsed time =0

T

Time step += 1 E—

Elapsed time +=1

Y

Figure 34 Flowchart overview of TRANSYT

As introduced in Section 2.2, TRANSYT (Robertson, 1969) is one of the most widely adopted fixed
time control. TRANSYT can calculate the optimized fixed time signal yssing historical flow

measurements for both isolated junction and coordinated junctions. Although-gperce
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microsimulation software SUMO does not have a link to incorporate TRANSYT into simulation
operation, the TRANSYT 16 software (Binning, 20d3)se can be accessible from Transportation
Research Laboratory (TRL). The signal timing optimization process can be conducted in TRANSYT
and applied in SUMO with the flowchart in Figure 3.4. The details of TRANSYT parameters are
introduced inChapters.

Besides the fixetime optimization function in isolated junction, TRANSYT also provides the
coordination version to operate fixetime controls in road networks by optimizing the offsets
between one cycle start time and another cycle start time. |a gidject, the coordination
version of TRANSYT is called TRANSMDrk to distinguish that it is a coordination signal plan

for the road network.

3.7.3.2Inductive loop based actuated signal contrLACA)

Dueto opensource license of SUMO, the MOVAftic signal actuated control in isolated junction
does not provide a link to be incorporated into SUMO simulation. In this research, an Inductive
Loop Actuated Control Algorithm (ILACA) which can detect traffic situations and correspondingly
adjust the fexible durations for each stage by means of loop detectors (Papageorgiou et al., 2003)
is proposed. A fulkactuated junction control strategy is introduced here in Figure 3.5 as a
benchmarking model from Federal Highways Administration Signal Timing Mauidalines

(Koonce et al., 2008). A maximum green time and minimum green time aigdepeemined for

ILACA, which are illustrated in Chapter 5 with their specific values. The junction will be operated
following predefined stage sequences. When the juootcontrol switches to the new stage, it

will run out the minimum green time and judge whether the current flow exceeds the flow
threshold at the end of the duration. The stage duration will be extended to an extension unit
time in response to the vehicllow approximated saturated flow of this lane (typically 80% of the
saturated flow of this lane). This circle will last until the detected flow does not reach this
threshold or the cumulated stage duration exceeds the limitation of maximum green time. The
ILACA will then transfer to the next stage and experience the same process. The parameters of

ILACA are described Ghapters.

In fully-actuated control, each junction controller makes signal timing decisions based on data
received from all approaches the junction. The junction controller operates without a common
background cycle (Koonce et al., 2008). As a result, there is no coordination versionfor fully
actuated control ILACA. To maintain the consistency of the evaluation framework - tiefA@Ak

is defined as the ILACA operation in the road network in this research. Each junction controller
makes its signal timing decisions independently in Il-A€¥ork with data from inductive loops

installed surrounding it.

97



Chapter 3

Start ILACA

Elapsed time =0

hole network run

A

out?

End ILACA Yes

No

v

Get active lane flow
data from inductive
loops

Timestep+=1 |¢——

Elapsed time < Stage

duration ? Elapsed time +=1

Change to next stage, Stage
Yes— duration = Min green time, |——
Elapsed time =0

Flow data <Flow
Threshold?

No

v

Stage duration =
Stage duration +
extension time

Yes

Stage duration <
Max green time?

Figure 35 Flowchart overview of ILACA

3.7.3.3Vehiclebasedsignal control using data from CV¥é€hSiCoh

Theperformanceof proposed PerSiCejunction optimize signal timing plans with perdmased
objectives using CV data is meanirgfucompare with theperformanceof algorithms with

vehiclebased objectives using CV data. The stdtthe-art researches are difficult to be

reproduced and compared in this project because of their complex algorithm paradigms and
different modelling olects. This research proposes a vehlzdesed signal control using CV data,
namely VehSiCon, as a benchmarking model. The VehSiCon use the same initial vehicle departure
time prediction theory to put more emphasis on investigating the impacts on compétible

signal plans, vehicle trajectory update theory and perbased objective optimizations. Figure

3.6 provides an overview flowchart for VehSiCon.
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The VehSiCon adopts fixed stage sequences and phase combinatioiméniise vehicle delay in

a certdn planning horizon. When the vehidbased control triggers, it collects speed and location
information of CVs and predicts the departure time of every arriving vehicle from green light lanes
using theories in Section 4.3.2. The core part of the optintirgirocess is to determine how long

the green time durations should be assigned for different stages, in other words, when the most
appropriate cases switch the traffic light to the next stage. A possible switch point appears when a

vehicle discharges fro the lane in the last time step to avoid wasting the green light.

From the initial time step to the planning horizon, each vehicle's initial prediction discharging time
step in the current stage forms a possible point to switch to the next stagen$tantce, the

vehicle's initial departure time list for the current stage (phase 1&5) is predicted to be [3s, 5s, 7s,
9s], and each element in this list is regarded as a case to switch the traffic light (green light for
phase 1&5 will last for 3, 5, 7 and8conds respectively for four different cases and switch to

next phase 2&6 after an intergreen duration). The departure times of vehicles in the next stage
are also predicted using the vehicle updating theories from Section 4.3.5 based on when it is
activated. For instance, assuming intergreen duration is 3 seconds, 6, 8, 10, and 12 seconds red
light durations are considered in vehicle updating predictions for phases 2&6 to calculate switch
points according to the departure times of vehicles in this stagés circle repeats in Figure 3.6

until the end of the horizon duration. After all of the stage switch points and their corresponding
cases are founded, the optimal signal timing plan can be found within the time horizon to achieve
the objective ofminimising vehicle delay using Equationr@without the presence of vehicle
occupancy and be executed until the start of next horizon. The green duration for each stage in

VehSiComshould also follow the constraints of minimum green time and maximum green time

The coordination version of VehSiCon, namely VehS\@bnork, has the same coordination
optimization structure as PerSiGdletwork. As claimed in Secti@l.5 the decentralized
coordination structure predicts the arrival time of vehicles which areadilhe communication
range, to enhance the data inputs of the thrlagered persorbased optimization algorithm.
VehSiCotNetwork also adopts the enhancement of optimization algorithm data inputs to realize
the further vehicle arriving information. The nadifferences between VehSiCdletwork and

PerSiCoNetwork are their optimization algorithm mechanisms and objective functions.
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3.7.4 Simulation experiment scenarios argerformance indicators (KPIs)

The evaluation framework neesito carry out a variety of simulation experiment scenarios for
validating theperformanceof the proposed algorithm and benchmarking models with different
sensitivity analysis factor$here arewo different situationsaboutsensitivity analysis factor

choice. The first case is that the optimal values for some parameters in PerSiCon and related
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algorithms are not decided yet. For instance, although rolling horizon approach has been applied
in vehtle-based adaptive signal control, tieeis noconclusion about the optimal value for

planning duration. Therefore, different planning duration values will be adopt&&iSiCon
Junctionevaluation, which is incremented from 10s to 60s with a step otd @sst the influences

of the planning horizon towardPerSiCotdunction The different values of weighted factofrom

0 to 1 in Equation () should also be tested iRerSiCofJunction

Another case is thalifferent situations happen in the real widrtraffic dynamics and all signal
control algorithms are essential to be tested in thesensg®s to observe the changestireir
performance Forinstance, the traffic flows fluctuate alifferent times of days andn different

dates. Therefore, simulation scenarios with different flow levels are carried out in the evaluation
framework. The penetration rate of CV also changes thesyears as the value fredicted

higher in future. The proposed algorithm is testadlifferent CV penetration ratevaluation

scenarios. Similarlyariousbus occupancy levels are considered in different evaluation scenarios.

The most commonly used KPlIs in vehidsed controls and persemased controls are
summarized in Table 2.1 andc8en 3.1 respectively. In this resear@verage vehicle delay,
average vehicle number of stop, average person delay and average person number of stop are

selectedto evaluate the algorithms in each scenario based on the following considerations:

1 Averagevehicle delays and number of stop are primapgimization components in fixed
time calibrated signal plans TRANSYT to execute the signal timing plans;

1 The objective function of VehSiCon isnimmimise average vehicle delay;

1 PerSiCois proposed taminimise average person delay

1 Average person delay draverage person number of stagn reflect theperformanceof
persontbased controls andre widely adopted in related researchesverage person
delay can measure the delay suffefdegleach passenger ihe vehicle.The aerage
number of stop is not merely a Kielmeasure the fuel consumpticend fuel emissions, it
can also reflect the passenger travelling experiences in vehicles. Fewer average person

number of stop can improve the travelling experience adle person.

Delay is described as the excess time one vehicle takes to complete its travelling routes compared
to the freeflow travel time. The fredlow travel time is defined as the time vehicle takes to finish

its journey by free travelling status undmad speed limits, without the disturbances of external
factors such as signalized junctions, surrounding vehicles or traffic infrastructures. Tievree

travel time can be tested by implementing a series of vehicles travelling in-aigoalized

junction, recording time spent and calculating the average value. The actual travel time of one

vehicle equals to time step it leaves the simulation minus the time step it appears in the
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simulation. The delay of one vehicle equals actual travel time minedloe travel time. The

delays of all passengers inside the vehicle are the same as the value of vehicle delay. Therefore,
the total delay of passengers in one vehicle equals the number of passengers multiply vehicle
delay. The number of stops for one velki during the entire journey is recorded by simulation.

The passenger number of stops in one vehicle equals the number of passengers multiply vehicle

number of stops.

3. 8 Summary

This chapter highlights the research gaps in urban signal controls byiegithe most relevant
state-of-the-art personbased controls and flexible signal timilitgrature and lists the

contributions of this project to respond to the aim and objectives. To fill in the gaps, the chapter
elaborates on the general methodologidsat should be adopted for the new proposed person
based algorithm by analysing its challenges and requirements. Moreover, the evaluation
framework for validating th@erformanceof the proposed algorithm by comparing it with
reference algorithms is constrted, which has been summarized in Table 3.4. All of the signal
control algorithms are evaluated in the same vehicle environments and criteria. Both vehicle
based metrics and persedmased metrics are adopted in Table 3.4 to ensure the fairness of the
evalwation. Next chapter provides detailed descriptions of the proposed pebsmed algorithm

PerSiCondunction, PerSiCeBus and PerSiCaxetwork to respond to objectives.

Table 3.4 Key points in Aarmonised evaluation andalidation framework

Junction scale Isolated Multiple junctions

junction

Evaluation signg  TRANSYT, TRANSY¥Network, PerSiCo#Network with EUVO
control ILACA, ILACANetwork, algorithm

algorithms VehSiCon, VehSiCosiNetwork,

PerSiCofBus PerSiCofNetwork

Performance |Average vehicle delay, average vehicle number of stop, average person

indicators average person number of stop

Sensitivity Traffic flow level, CV penetration rate CV penetration rate, idtance from
analysis factors| planning horizonweighted factor , bus| detection area to cross line, loop

occupancy lest and cameras activation interval
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Chapter 3 briefly introduces the proposed perdmased algorithms PerSiGdanction, PerSiCen

Bus, and PerSiCayetwork and their evaluation framework. This chapter describes the detailed
methodology of these three algorithms. Section 4.1 lists the siyptjfassumptions made for

three algorithms to point out their limitations and constraints, which are expected to be improved
in future works. Section 4.2 lists definitions of all sets, variables and parameters used in this
chapter. Section 4.3 provides tldetails for the adaptive persebased signal control approach
PerSiCorJunction proposed toninimise average person delay in an urban isolated junction, to
correspond to objective 2 of this project. It describes the controller decisiaking operational
mechanism of associating traffic signal plans with corresponding pdyased performance
measures, considering the occupancy level of each vehicle according-tonmedhformation

from the interaction of junction controller and connected vehicles thiougreless

communication. Dynamic programming is an efficient and powerful technique for integer
programming solution algorithms, applied when signal optimization problems can divide into sub
problem with recursive structures. An innovative thdesel dyramic programming signal
optimization algorithm is developed in this project as the core of PerSiGoetion after

collecting and processing connected vehicle data, which can explore all of the possible signal
timing strategies in a certain planning honmg@redict the vehicldased controls and efficiently
figure out their persorbased value function for determining optimal solutions. In this way,
PerSiCofdunction can implement in an urban isolated junction with passenger vehicles for the

persontbased ginal control system.

The vehicle constitution is assumed to be all passenger vehicles on road in Section 4.3. However,
road traffic consists of different vehicle types in some cases. Per3itation is a scalable

framework which can join different velicmodes into the algorithm as it calculates and

estimates the possible discharging time of each vehicle during the optimization process. In Section
4.4, buses are incorporated into modelling situations as a representative of special vehicle modes
becauset is most widely considered as a vehicle type with more passenger capacity in TSP
strategies and other persebased methods. The proposed method is called an Adaptive Person
based Signal Control Algorithm with Buses (PerSEIm), which uses the same apization

framework as PerSiCalunction, but more specific treatments are distinguished by passenger

cars and buses in some equations. Section 4.5 develops Pei$&Boork to understand how

adaptive persorbased control formulates and implements in mplé junctions and how it affects

junction performancein terms of average person delay and number of stops.
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4.1 Assumptions and limitations of proposed algorithms

Traffic signal control optimization is a complicated problem and it is proper to make some
assumptions to simplify the optimization model. This chapter describes three pbesed
controls PerSiCaedunction, PerSiCeBus and PerSiCevetwork. Their respective assumptions

and limitations are listed below.
For PerSiCoedunction in Section &, the assumptions and limitations include:

1 The vehicle compositions on road are assumed to be consisted of conventional vehicles
and CVs, without the presence of AVs. AVs can send vehicular data to junction controllers
and receive trajectory recommendation®i controllers. Their changeable trajectories
have minor influence on the vehicle arrival predictions and perstated performance
however, result in more complicated vehicle trajectory planning to reduce fuel
consumption and emissions. Future works sliaake into account AVs in vehicular
environments to achieve multiple objective function targets.

1 Vehicle lanechanging behaviours are assumed to be perfect in this project. Vehicles are
assumed to change to their targeted lanes at the earliest chance tirey enter the
discharging lanes to the junction. In vehicle arrival prediction theoriesdhnaging
behaviours are not considered and it is assumed that all of the vehicles would be
discharged from their detected lane by default. In the real wotlé, ¥ehicle may change
its lanes after the data collection and signal timing optimization process. This
phenomenon makes disturbance to the vehicle arrival sequence and number of vehicle
predictions, which degrades the prediction accuracy and petsmedperformance
Future works should consider the impacts of vehicle leln@nging behaviours in signal
control optimization.

1 To simplify the CV data collection process, it is assumed that there is no communication
delay and data measurement error from CVsuogtion controllers. The packet loss of CV
data message is assumed to be 0%. In reality, the communication delay, data
measurement error and packet loss will affect the quality of data inputs and degrade the
performanceof the proposed algorithm. Future wks should develop enhanced signal
control algorithms in more realistic scenarios.

9 Pedestrians and other vehicle modes are not considered in vehicle environments.
Pedestrians have their special lanes to cross the junction and they will increase the
computaional complexity of flexible signal plan exploration. The individuafawing

models and vehicle travelling behaviours of special vehicle modes may also cause
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inaccurate vehicle arrival predictions. Future works can incorporate more vehicle modes

into personbased controls.
For PerSiCoiBus in Section 4,4he additionalassumptions and limitations include:

1 The bus dwell time at the bus stop, bus lasteanging behaviours, and acceleration and
deceleration process to approach and leave the bus stepat considered in this
research, assuming any bus stop near the junction area. The factors mentioned above will
cause higher delays for buses and bus {ehanging behaviours will also disrupt the
travelling of other vehicles. The improvement measurensantthese influences should
be solved in future works.

1 The calculation of headway between two vehicles is assumed to be only decided by the
saturated flow of the former vehicle. This simplification is justified by the calculation of
headway only relyingn the front vehicle, so does not significantly degrade the results
(Yang et al, 2018).

For PerSiCoNetworkin Section 4.5the additional assumptions and limitations include:

1 The communication range of the junction controller to receive CV data isediefia 250m
in this research. The communication range is typically@800m. The shorter the
distance communication range is, the fewer CV data can be received by the junction
controller. The data transmissions of those CVs which are out of the commionicahge
suffer heavier delay if considering data transmission latencies from CV to junction
controller then to adjacent controller. In addition, the arrival times of those vehicles
which are out of the communication ranges of two junction centres neduktpredicted
by former information. Although data transmission latency is not considered in this
research, the 250m communication range is adopted as the worst scenario to develop
PerSiCoNetwork.

1 PerSiCoiNetwork assumes there is no data transmissiotwiaen two adjacent
junctions. Similar to the communication delay between CVs and junction controllers, the
communication delay between two adjacent junctions will affect the quality of data
inputs and degrade thperformanceof the proposed algorithm, whitshould be

considered in future research.

4. 2 Definitions of sets, decision variables and parameters

This section provides all of the sets, variables and parameters used in three new proposed person

based controls in Table 4.1.
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Table 4.1 Definitions of sets, decision variables and parameter$&nSiCordunction, PerSiCeBus and

PerSiCofNetwork
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4. 3 Detail descriptionof signal control algorithmPerSiCorJunction

This section describes the proposed algorithm PerSdoction to optimize signal timing plans
using information from CVs. A signalized junction with approaches from four directions is
considered, which is shown in Figure 4.1. Each approach contains a dedicatedniefty lane

which exclusively serves conflicting Hafrning vehicles and a righitirning and through lane for
those rightturning vehicles or vehicles that go straight. ieise number allocated for each lane
and phase conflicting map are also illustrated in Figure 4.1 to indicate the vehicle movements at

the junction.

°° Phase 1 | Phase 2 | Phase 3 | Phase 4 | Phase 5 | Phase 6 | Phase 7 | Phase 8
J L Phase 1 - 1 0 0 1 0 0 0
Phase 2 1 - 0 0 0 1 0 0
I 3 Phase 3 0 0 - 1 0 0 1 0
‘_ 4 Phased | 0 0 1 - 0 0 0 1
8 _" PhaseS | 1 0 0 0 - 1 0 0
4 ﬁ Phase 6 0 1 0 0 1 - 0 0
Phase 7 0 0 1 0 0 0 - 1
] r Phase 8 0 0 0 1 0 0 1 -
2 1
(a)

(b)

Figure 4.1 (a) Junction layout and signal phase number (b) Phase conflinapgadopted in thisextion

The PerSiCedunction integrates redlme vehiculasrelated data with junction control
information for optimization. The position, speed, occupancy and ID of every CV received by
PerSiCofJunction originated from the BSM ddtamework under the SAE J2735 message set,
which broadcasts at 10HZ frequency (USGAO, 2015). BSMs are through IEEE 802.11p
communication protocol which describes the hierarchy of DSRC designing fepeigth vehicular

movements. The time step of the proged adaptive signal timing approach is set as 1s. The
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connected junction control region is defined as 250m as a far enough reliable communication
range in a fouleg isolated junction, where the messages can be received accurately under IEEE
802.11p DSRtworks (He et al., 2012).

A threelayered dynamic programming optimization procedure is developed to find out the
maximum performance values and corresponding signal plans at a certain time. As shown in
Figure 4.2, the algorithm receives vehicle ID, posjtspeed and road occupancy level, and
processes them to produce the vehicle state list and initial departure time list as inputs for the
first layer in Section 4.3.2. The first layer then calculatespguformance values for different

possible signaltsategies at every time step (1 s) using Dynamic Programming (DP). The minimum
performance value is recorded for the current step after figuring out all nodes of a certain step.
The details of DP structure in the first layer are described in Section #@sgarch all branches

at each node when operating the DP algorithm, a signal phase transition exploration algorithm is
developed to explore any potential traffic signal timing strategies in the middle layer (see Section
4.3.4). The vehicle trajectory amdrfollowing theories are also adopted to understand vehicle
trajectory influences caused by different signal plan selections and related costs/benefits on every
branch are determined (see Section 4.3.5). In the third layer in Section 4.3.6, the aigtnids

the maximum perso#based performance measure benefits at the end of the planning horizon

and uses a backward recursion DP to search for an optimal signal timing plan. The rolling horizon

procedure repeats to execute the optimization framework whiea arranged signal plans are

implemented.

g U BSM'’s content
/ Vehicle ID

Position

BSM BSM BSM BSM Speed

< <

Heading

le ol M- o Number of people

Figure 42 CV data collecting process and contents of BSM

4.3.1 Model formulation

The algorithm aims tainimise average passenger delay in an urban isolated junction without
following any strict phase sequence and phase duration. PerSi@ution describes the

controller decisiormaking operational mechanism of associating traffic signal plans with
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correspondingpersonbased performance measures, considering the occupancy level of each
vehicle according to redime information from the interaction of junction controller and CVs. All

sets, variables and parameters used to formulate PerSiDantion are listed ifiable 4.1:

The objective of the PerSiGduanction is taninimise the total passenger delay of vehicles which
can be detected by CV technology around the junction. The passenger delay is calculated by the
product of vehicle delay and the number of peoplev@hicles separately. The vehicle delay equals
the difference value of the vehicle predicted departure time from the junction and virtual arrival

time to the junction with free flow speed, which is shown in Equatich)(4

a Q¢ b O M 0O ! (4-1)

However, the summation of delays of all detected vehicles is difficult to be measured in signal
optimization procedure as not all theshicles from upcoming lanes can be discharged in a limited
planning duratiori’Y The departure timg of those vehiclethat failed to be discharged are
unknown in the current optimization horizon. Therefore, the increment of total people time
savings is adopted in this paper to replace the summation of people delay reduction. A mixed
integer linear progam is developed iRPerSiCodunctionto maximi® the total number opeople
discharging time savings. As minimum green time is satisfied in flexible signal plans, the
accumulated waiting time dhe vehicle, from the first time it is detected tbe initial stepof the
current optimization procss with coefficient, is added the objective function to guarantee the
weight of low occupancy vehicle queuing for a longer time. The occupancy level factor is
incorporated intothe objective function to asgn fairly priorities to different occupancy vehicles.

The persorbased objective fun@in is formulated in Equation {2).

abdd O Y p YE®m 1Y @ (4-2)
i 88
mo oM 0 hQ phfBROA A N D 4-3)
m YO Y pRQ pltB AOA v D 4-4)
m & chony (4-5)
wdd  0dQpi Q pkBAQ pA AN OA oy Wi Ny (4-6)
QNO i A voYHon Y 4-7)
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Constraint 4-3) limitsthe value range of occupancy level parameter in ezafficle Constraint 4-
4) limits the value of time spemn the departure time ofa specific vehicle starting fronine step
0. This value equaly p if the vehicle fails to cross in planning durati@guation 4-5)
constrains the number of green traffic light phases available to be assigned at the same time,
which should be no more than 2 to obey the rules of wwonflicting phases iastandard 8

phases isolated junction to avoid vehicle isidin. Constraint4-6) sets out the relationships of
predictive departure time among those vehicles in the same lane assuming roHanging

behaviours near the junction.

Constraint 4-7) claims that all of the state variablesand decision variab#Q need to be
selected from their separate sets at tindeThe determinations of state set and control decision
set depend on phase transition regulation and state set indgio p, which are represented

in Equations4-8) and @-9) respectivelyThe deails are described in Sectien.3.3 ¢ 4.3.6.

Yo iTd HavoR  wtY Jonty (4-8)

0O i 6 A& & HavdR vy Jov"y (4-9)

4.3.2 PerSiCorJunctionoverview and data source processing

PerSiCotdunction is developed to provide a method for solving the optimization problem
formulated, finding out the maximum performance values and corresponding signal plans over a
certain period. The system overview of PerSidonction is presented indtire 4.3. As shown in
Figure 4.3, the algorithm receives vehicle ID, position, speed and road occupancy level, and
processes them to produce the vehicle state list and initial departure time list as inputs att =0
using Equations ¢40)¢ (4-13). A threelayered DP algorithm is the core part of PerSiQamction

to figure out the optimal solution with DP structure. Dynamic programming is adopted to divide
the whole optimization problem into suproblem in every time step with recursive structure. The
optimal solution for the substructure is recorded and can be retrieved in the following
optimization process to avoid repetitive calculations, which is more effective than the
enumeration method. The threlayered DP algorithm (as seen in Figure 4.3) is cartsilby a
forward recursion algorithm (Algorithm 1) at the upper and middle layers and a backward
recursion algorithm (Algorithm 3) at the lower layer. Algorithm 1 describes the upper and middle
layers of PerSiCadunctionwith a forward recursion DP struge. Algorithm 2 is a phase

transition algorithm operating every step inside Algorithm 1, to explore all of the possible signal
plans in the next step based on the signal plan in the current step. After determining the
maximum objective function value,gdrithm 3 performs a backward recursion DP structure to

figure out the optimal solution.
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Figure 43 Conceptual framework flowchart éferSiCordunction

Before the operation of the optimal solution algorithm, all pieces of B®m CVs are managed
to form vehicle information lists sorted by phase index. The purpose of this process is to generate
initial predictive departure time lists for the fleet based on the vehicle trajectory theories shown

in Figure 4.4.
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Every CV can ondend reattime information about its individual characteristics and trajectories

to the junction management infrastructure. The distances from those CVs travelling within range
of the detection region and approaching towards the junction centrthtocrassline of each lane
can be calculated with location information. The location lists are then sorted CVs by their
distance tathe crosdine from nearest one to furthest in detection range. The instantaneous
speed and occupancy level lists are produceddoprding fleet information by following the

order of distances.

Given positions and speeds of vehi€d phase, the initial departure time for vehicles in queue
and arrivals can be predicted at the start of optimization supposing that thestepxfor this lane
will be constantly activated with green lights, which are expressed in Equatid® and ¢-11).
The prediction method is originated from the kinematic wave theory principles adopted in
persontbased control (Christofa et al, 2016) andotMmmadi et al, 2019), which is used for
describing vehicle trajectories the fleet with the influence of adjacent vehicles. In this paper
the acceleration and deceleration process of vehicles wheg merge into queues or stattp for
discharging arsimplified to reduce the operatial complexity of algorithm optimization. Four
cases of different fleet trajectory patterns (see Figdrd) are considered in this method in the

case of no less than three vehicles in arriving fleet:
1. All vehicles are disenged with freeflow speed
2. All vehicles are discharged from queue
3. Following vehicles with frebow speed arrive before the queue has been discharged

4. Following vehicles with freBow speed arrive after the queue has been discharged.
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Sp ace, Space‘

Sp ace, Space“

Case 3 Case 4

Figure 4 4 Different cases of fleet trajectory representations assuming constantly green light given

The different departing cases in Figure 4.4 analyse vehicle trajectories and statuses with the
knowledge of speeds and distances to junctiamssrline. The horizontal axis represents different
time steps. Red, yellow and green colours on the horizontal axis are junction signal timing plans at
different time steps in the individual lane. The vertical axis represents the distance of a vehicle to
the cross line. The negative values in the vertical axis mean that vehicles are in the approaching
lane and positive values mean that vehicles have crossed the junction. Each line represents the
trajectory of a vehicle, in other words, the relationshipsweén time steps and positions of a

vehicle.The blue lines represent vehiclgaveling under freeflow speed with a slop of vehicle
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free-flow travelling speed “Q Thebrown lines represent vehicles in queues or shkbown
procesgsif the slopeof avehicled "Qisless tharthe thresholdvalue0 . At the initial time step
t = 0, the position of each vehiae "Qrepresents the distance from it tihe cross line. Given
constant green time aftethe initial time step, the time needed for a vighe tocrossthe junction
wo @ equals to its vertical axis value wh&n'Q Tt If there is no queughe vehicle can
cross the junction with the frelow speed as shown in case 1 in Figdi4 If aqueue exists, as
illustrated in case 2,3 and 4 in Figure 4,£ach vehicle in queue discharges with a discharging
speedy saturated headwajQ and startup time loss for fist vehicle| due to driver reation and
vehicle platoon accelation. The rateof backward recovery shock wastarting fromcongestion

occurredequals to a slope af .

The first difference of scenarios is to judge whether theia ggieue existat the junction at the
moment ofthe green lightisgiven or not. If the speed dfie first vehicle in approach fleét Q

is higher tharthe threshold speed parametar , it can be regarded asfree-flow status vehicle
whose departure time equatbe distance tahe junction cross line divided by instantaneous
speed. The following vehicles also cross the junction witlstop and delay, whitis shown in

case 1 in Figure 4.4f the speed ofhe first vehicle irthe platoon is detected as 0, it stopsthe
junction to form a queue. When the green light is awarded to this lane, the vehicle suffers-a start
up loss time due to driver reaction time and acceleration time lost, then crosses the junction
with saturated flow speed . All queuingrehicles (see case 2 in Figure)4dccessively

accelerate to speed and discharge keeping a saturation time headWayith the adjacent

front vehicle for the sake of avoiding collision. If a free travelling vehicle is detected approaching
the end ofthe queue, it will either merge into the queue before the front vehicles have been
discharged (see case 3 in Figure) #dcrass the junction with fredlow speed after the queue

has been eliminated when it is far awanough (see case 4 in Figure)4¥he challenge is to
compare the value of free speed discharging time whinpredictive departure time of previous
vehicles pls the saturation headway. Case 3 occurs if the summation of predictive departure time
of previous vehicles plus the saturation headway is greater than discharging time undéovvee

speed, otherwis¢he vehicle will drive without the disruption dhe queue in case 4.

According to the theories explained above in Figure 4.4, the initial departure time of the first
vehicle in the fleet is formulated separately, which is shown in Equatid@)4This is because the
trajectory of the first vehicle is not fected by any following vehicles and star loss time

should be taken into account. The initial departure times of the following vehicles are calculated

by Equation (4.1) sequentially.
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The travelling status of each vehicle when it leaves the approaching lane is defined by binary
variables. This variable is judged after the initial departure time is determined for the convenience
of updating thedeparture time of the vehicle in the following steps. The transition of two status
modes is an irreversible process. Once a vehicle driving at free flow speed changes to queuing
status, this status will stay constant until it is discharged. The statughes fifst vehicle and

following vehicles in the lane counted from the stop line are expressed in Formud23 éhd (4

13) respectively.
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3.4.3 Threelayered DP and forward recursion algorithm

This subsection introduces the proposetiree-layered DP algorithm and Algorithm 1 applied at
the upper and middle layers in PerSi€mction. Figure 4.5 presents a sketch illustration of a
three-layered DP algorithm. This mudtiep DP applies a forward recursion and a backward
recursion algathm to solve the signal timing optimization problem on a certain planning horizon.
The upper layer calculates splerformance values for different possible signal strategies at every
time step (1 s) based on the state varibhnd decisions using Equati@-14) in Algorithm 1.

The subkoptimal performance value is then recorded for the current step after figuring out all
nodes of a certain step. The details of the DP structure in the upper layer are described in this
Section. In order to search all bramshat each node when operating the DP algorithm, a signal
phase transition exploration algorithm (Algorithm 2) is developed to explore any potential traffic
signal timing strategies in the middle layer (see Section 4.3.4). The vehicle trajectory-and car
following theories are also adopted to match vehicle trajectory influences caused by different
signal plan selections and related costs/benefits on every branch are determined by Equations (4
15)- (4-22) in Algorithm 1 (see Section 4.3.5). In the bottoypetathe algorithm finds the

maximum persorbased performance measure benefits at the end of the planning horizon and
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uses a backward recursion DP in Algorithm 3 (see Section 4.3.6) to search for an optimal signal

timing plan. The rolling horizon procedurgpeats to execute the optimization framework when

the arranged signal plans are implemented.

S

Optimal signal plan = S1o + S 1 + Stm

__________

__________

max

__________

__________

ST13

Figure 45 Multi-steps sketch for thredayered dynamic programming algorithm constituted by Algorithm

1,2and 3

In Figure 4b, the signal timing optimization algorithm triggers a¢g0 and collects state

information from CVs. There are several available choices®@g,.f2 /Q in step 1 in Figuret.5)

for the junction controller to implement as different phase allocatsmmemes, transferring

vehicle environments and signal phase different states (e.g. 4 i rinstepl inFigured.5)

with varying passenger discharging benefits. The signal optimization algorithm accumulates this

performance measure in everyegtand figures out the optimal solutions tie final sep based

on the performance value function. The thrdayered DP optimization algorithm assigns flexible

signal phase sequences and durations to achieve maximum value of performance value function

based on predictive vehicle departure tim8teprepresents time step ithe algorithm and is

discretized to 1 s intervals in order to enalte algorithm to identify all of the possibilities and

relative benefits of signal plan transition in everggstThejunction controller determines the

phase allocation in evewstepat the final siep by performing the optimizatiover a

predetermined planning horizon.
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All of the feasible statels and junction decision® at time stepoare derived from the sets of
possible stateS§Y and control decision® i in equation §4-8) and é-9). The details of forward

recursion are described as follows:

Algorithm 1Forward recursion dynamic programmialgorithm in the upper and middlayer
of PerSiCofJunction
Input: Speed, location, vehicle ID and occupancy data of vehicle (car c&buysfi 8 FOH ) v
0. Junction signal informatioin at initial time step O.
Output: Optimal solution for signal timing staté at final time stepésvith maximum
accumulated function valu® & ; dictionary with sub optimal solution pat’.
1: predict the initial departure timeé> & "@ initial vehicle statuéYow @  of vehicle
(car or bus)Q plth8 HOH v O at time step 0 using Equatiod-(0) ¢ (4-13)
2:setoN p,"Qmii N 1, G° N empty dictionary
3: whileo "elo:
4. foreachi n~7Y

5: get state variable S¥tand decision variable s€@ i at time stepousingAlgorithm
2and Tablet.2

6: foreachi ™ "YandQ N O i

7 calculate sub performance measore FQ using Equation4-14)

8: QoA N doOw

9:  recortf N O° & as sub optimal solutioif oif Qo ph

"Qoh

10: while 6 "elo:

10: for eachn ™ 0:

11: iffi==1n orn==n":

12: updaies @ ,"YO'@ and®d'®MA  using Equation415) ¢ (4-17)
13: else

14: updaieo @ ,"YO'@ andd'®MA  using Equation418) ¢ (4-22)
15 oN o p

16:"Q"Yr3 A

The forward recursion ithe upper layer starts the optimization atep1 by assigning cumulative
value representinghe personbased objective function to 0. For eaclegtthe upper layer of DP
calculates the performance measure of passengast@isging benefits, determining and
recording the optimal solutioB“Q i combining withthe cumulative value function ithe last
step for each state variable . Atthe final step, the optimization algorithm compares function
values of different sitesto decide the optimal signal timing plans witie highest objective

function value.

A series of phase allocations for eacbpsteactingto the optimal state are searched by a
backward recursion ithe lower layer in Sectiod.3.6. The performance nmasure® | FQ  of
passenger benefits from the lasiegtto the currentstepis a function of state variaband
control decisions. The performance measure is calculated in respoitise p@rsonbased

objective function by judging whether the first index vehicle after the stop line in lanes given
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green traffic light in staté is able to cross the stop line or not. The vadud fQ is calculated

in Eguation @-14):

v Gphd  ph A Gpho  pm fi Yoop o 17Y pM 1Y pMy R
nme ploigw i v bt 0O e it ©d P p
b Gpfd  phy H Y p o 1°Y o h

G i o 0y QW plofplp iR wd pA ply o chibf ¢ iwd pA p bonry
" Gphd pM A Y p o 1°Y pR h
toofn chik GE R ©d ok offy o plotiiy € 10 & pf o
w e TRIO DI Qi

aimm n

Cars and buses are constantly discharging from the approaching lanes and vehicle environments

are dynamic as the proceeds of optimization. The predictive departure time, travelling status and

occupancy level of vehicles in each lane determining the vdltie o iQ needto be updated in

the middle layer after the calculation of performance measuréhimupper layer in every sp,

and returred them tothe upper layerfor calculation in nexstep.

4.3.4 Signal phase transition and exploration algdmn

The fourleg isolated junction layout and phase allocations are used in this paper and the phase

conflicting map illustrating which phases are conflicted is graphed in Figure 4.1.-Andual

controller follows fixed pradetermined phase sequences, whicannot be adopted in perse

n

based signal control to explore the flexibility of signal timing plans (Improta and Cantarella, 1984).

A flexible signal phase sequence and combinations machine are proposed in PEi8iCam to

solve this problem. In the idle layer of the DP optimization algorithm, the set for all feasible

traffic signal phase states is produced in each step depending on the signal state set in the last

step and phase transition linkages allowing junction state transfer from the laststbp
current step in Equation (8). The phase set is originated from rtiade phase information
collected by traffic light infrastructure as the phase set at the initial step. Inspired by the

theoretical flexible traffic light state machine proposedLi and Wang, 2006), the phase

transition linkage and exploration algorithm is adopted in this research. It allows the efficient

exploration of all flexible phase transition linkage situations by obeying the rules of avoiding

conflicting vehicle flow cbsions based on the phase conflicting map (Guler et al., 2016) and

eliminating unnecessary linkages. Figure 4.6 shows an example. In the phase conflicting map, the

number in the first row represents the subject phase index and the number in the firshnolu

represents the compatible or conflicting phase. Value 1 means the two phases are compatible and

0 means the two phases are conflicting. To elaborate on the feasible adjacent relationships,

several criteria need to be satisfied meanwhile to ensure jomctiravelling safety and limited

green time resourceaitilisation:
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Figure 46 An example of signal phase tréi@n and exploration mechanism

AAt any state in isolated junctiothe junction controller assigns green traffights to at most
two non-conflicting phases toresure the vehicle flow can sayatrosghe junction centre area
without collision. The notonflicting relationships between any of two phasethaisolated
junction have been expressed in Table 3.2.dwary phase, there are two other compatible
phaseghat allow them to proceedvith vehicle flows at the same time. More specifically, given
phasery N 0, at statef , compatible phasgq N ‘OT1) . For example, if the index tie first

phase is 1the non-conflicting phase of it belongs to segfv .

AThe transitions between two states need to experience complete intergreen interval duration,
each of which incorporates two neronflicting phases with green light and all of them are
completely different However, if one of the green light phases in one statkésame as one of
those green light phases in another state, this phase should keep green lights during the
intergreen time. This is because the green light phase exists in two different statéiseared

light is unnecessary to operate to obstruct the vehicle flows. For example, phase 1 wilhkeep

green light during state transitiorplt to plv .

AThe traffic signal phase state with two neanflicting phases cannot transfer to itself after an
intergreen duration. This criterion is to ensuraximisngthe use of green resources. For

instance, stateplt cannot transfer to pft by intergreen duration.

According to these rules, the steps of signal phase transition and exploration mechanism are

decribed in Algorithm 2 as follows:

120



Chapter 4

Algorithm 2Signal phase transition and exploration algorithm

Input: Signal timing staté  at time stepd  p; dictionary with sub optimal solution path’
from Algorithm 1.

Output: Signal timing state sé€Y and decision séD i at time stepo.

1:"YN [],O i NT]

2: explore all possible n M based on nom and Tablet.2, insert each
into list™Y

3:ifo O p:

4: foreachi N Y:

5: if N plthoftvlplxy andn [

6 retrievie N m from0°

7: removefrom “Yif 1) n :

8 elif ) 7N i

9: retrievie N i from(*

10: remove from Y if n andn n
11: else

12: pass

13: foreacH N 7Y:
14 QN & H &
15: inserQ into’O i

The middle layer of the DP optimization algorithm reproduces the flexible signal phase algorithm
which satisfies all of the requirements above and modifies it as a form of an adjacent list in Table
4.2. Given the form of the traffic phastate at the last step, all feasible forms of the state at this
step are listed in Table 4.2. These possible phase states constitute the set of planned steps and
enable the DP to calculate different performance measures by visiting all of the elemémss in

set.

Table 4.2 Set for possible traffic phase states given state indteg

4AEA £ O 1T i&E CEPAR OOGRMI4EA £ O 1 £ Dl GGk AR
0 p 004D
NN oplofphy™ v gl PR N MmN
cnonomo
oy i i
NN plehott ol = 7 ifp Q0 oA oMo
A v pRRARWXY A | I
n i7n ifp Q O noiomoi
I 7N l NN plofpy = A
Nochbk Mmoo M
n
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4.3.5 Vehicle departure time updating theory

In the middle layer oPerSiCofJunction the initial departure time list is updated and combined

with the decision othe junction signal controller for lan€o calculate the partial fragments of
passenger delay reduction. The initial departure time ligheffleet for onelaneis predicted in

Section 43.2 assuming the green light is always givertliercurrent phase irthe followingsteps.
However, this assumption in standard isolated junctions is a special situation and not suitable for
all cases as therare only twgphaseghat can begiven with right of way at the sanstepat most

to avoid vehicle collision of flows from conflicting vehicles. The different traffic phase sequences
and combinations in varying states will result in different vehicle statuses, affébgrigne spent
arrivingat the stop line. The vehicle environments are essential to be updated at stegry

corresponding to every generated statetire state set gien green or red traffic light.

If the traffic light for phas@ is green atime step0, the recalculation of predictive departure
time, travelling status and occupancy level for each vehicle in each lane are expressed in
Equationg4-15) - (4-17):

o0& pq,
- on @ ph Qo ph phQ phciB FQ |
W w - . . . . M
ww Q ph ph "Q® ww ph phQ phcB hQ p L (4-15)
NOR ON Y
NG YO "6 h QOGO ph phQ phcFB FQ .
) - . . v . N
Yo Qph h MQ® ow ph phQ phcB FQ p n (4-16)
NOR ON Y
R O pmA  h Qo ph phQ phciB FQ i
w ‘mMH s 2w o7 = -y In
wQ pho pmh h Q® ww ph phQ phcB hQ p (4-17)
N OR ON Y

The predictive departure time of every vehicle in this lane is shortened according to Figure 4.4
assuming constant green light in Equatiorl®). If the algorithm determines that the first vehicle
has crossed the lane, thekicle state list and occupancy level list are updated to remove the

information of the vehicle being discharged in Equation@®and (417) respectively.

However, if the junction controller allocates a red traffic light to the planned phase in thentur
time step, the procession of vehicles discharging will be obstructed and none of the vehicles in

this lane are able to leave. Therefore, vehicle trajectory andalbowing updating theories are
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proposed in this paper. Four different cases of fleajectories need to be updated to cases in

Figure 4.7, each of which corresponds to the relative case in Figure 4.4.
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Figure 4.7 Update for different cases of fleet trajectory representations assuming red light for next step

Figure 4.updates the different cases @thicle trajectories in Figure 4agsuming red light is
given bythe junction controller.The meanings of each parametand general principles of cases
hawe been explained ifigure 4.4The main difference iRigure 4.7is thatthe junction controller
assigns ¥operiod red light aftethe initial time step. The blue and brown dashed lines in four

cases represerthe original vehicle position changed by time step. The blue and brown full lines
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are updated vehie trajectories considering that the expected discharging vehicles du¥ing

period are obstructed by red light

In case 1 in Figurk 7, the key point is to judge whether vehicle flegtith free speed trajectories
in green light given situations swit to queuing mode or not. The initial departure time tioe

first vehicle in fleeto @ pi minus time step spent 1 isompared withthe departure time of
queuing vehicle involving staup time los$ . The maximum value is adoptedasupdated
departure time forthe first vehicle because once the red lighgiven, it will last for at least an
intergreen duration. The departure times and statusesheffollowing vehicles are successively
decided by takig maximum value. The situatiom case 2 stay unchanged as the queues have
formed. The red light postpones the departure time of all vehicles as seen in case 2 iMHgure
The situation of case 3 is extremely similar to case 2 in Fgidras the statuses of approaching
vehicles tahe end ofthe queue are judged to be queued before the front vehiCheparture. In
case 4, the departure times of those vehicles with free flow speed are compared again with their

queuing departure time afte¥otime leftis givenared light.

o
. aOame ph Q QW6 ph .
® & pH > P Ph o P Pravdiony (218
ww ph h QWw ph LIS
o6 aomeo d pho® Q ph Q AQtY® "d P g
wd # h QWO @ m (4-19)
chanvOoAoON"Y

Equatiors (4-18) and @-19) updateof vehicle predictive departure times for the first index and

others considedifferent criteria in Figure 4.7. The departure time of those vehicles recognized

as queuing or slowindown vehicles remains unchanged until the green traffic light is given in

0KS F2tft2gAy3 adSLA® ¢KS (KNS a KapefsdR fr veéhitlesiA T F SNB y i
each lane to judge the vehicle status in this step. If vehicles are determined to be discharged

following the saturated flow, the vehicle departure time and travelling status will be adjusted

accordingly. Otherwise, the vehiclelktiavels towards the end of the vehicle queue at free

travelling speeds.

g mh Q"
0

Y6 A T M cApgnvOAoONTY (4-20)

124



Chapter 4

. - mh QO o ph o
Yo phi N (i)pv, InNOHON"Y (4-21)
ph "QQuw ph
& "MK O pmA "Q phchB AOA i v OH o~ 7Y (4-22)

The adjustments for vehicle travelling status are represented in Equatie2) @nd (421). As

red traffic lights cause obstacles for all of the vehicles in the lane, the number of vehicles and their
respective occupancy levels keep the same value dtineglanning step, which is shown in

Eguation (422). These traffic parameters are then updated and passed to the upper layer to

calculate the performance measure for the next step.

4.3.6 Backward recursion algorithm at lower layer

The upper layer andhiddle layer execute the DP algorithm to the final step and find the optimal
solution with the highest persehased objective function in PerSiGadunction. In the lower layer,

a backward recursion is applied to retrieve the optimal policy for the whalenihg duration

starting from the final step and operating backwards. After all optimal decisions reacting to every
state made in all steps are calculated, the optimal decision of each step can be retrieved by

backward recursion described in Algorithm Jalfows:

Algorithm 3Backward recursioalgorithm in the lower layer dPerSiCofdunctionwheno e
Input: Signal timing staté” at final time step ésvith maximum accumulated function value
Q¥ ; dictionary with sub optimal solution path’ from Algorithm 1.

Output: Optimal signal timing plan li8¥ “Qi@aching to signal timing staté

1: optimal signal timing plan liSY¥"'QQ[ ], insertG into "Y'(QN e

2: whileo c¢do:

3:  retrievei® from(® ofi ®

4: inserti’ as first element ifY'Q'Q

5. oN o p

The optimal plan with a series of junction controller decision choices in every step is recorded
after the backward algorithm. A rollidgorizon approach is applied for PerSichmction where

the problem is solved again when one stage (barrier group) is executed to include more recent
vehicle data from CVs. The proposed approach collects data at a certain time step, predicts traffic
state fa a certain planning duration constituted by a number of time steps, and finds optimal
signal timing parameters with the highest objective function values, implementing it in the

isolated junction over the prediction period. At the end of implementatitwe dlata collection

system and thredayered optimization algorithm will be triggered again to repeat the commands.
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4.4 Detail description ofsignal control algorithmPerSiCofBus

This subsection describes PerSiBus modified from PerSiCauinction whichs adopted in

vehicle states of all passenger cars. Two vehicle modes (cars and buses) are considered in this
chapter. The buses are assumed to be travelled on the mixed lanes with cars. Notably, the
proposed algorithm can be extended to incorporate otlkiehicle modes. However, this person

based approach focuses on buses due to their unique occupancy number against passenger cars.
To simplify the proposed algorithm, the bus stops and vehicle-tduamging behaviours are not

considered in this research.

Asthe optimization process of PerSiGadunction introduced in Section 4.3 estimates and updates
each vehicle departure time for every time step, the framework of PerSBTisrcan also be
achieved by using Figure 4.3 and Algorithr& Buses are consideredind of special vehicle
mode over passenger vehicles, with unique mechanics for determining occupancy, saturated flow,
queuing discharging speed and headway. The development of PefBiSda proper and

important because there are minor changes to théimjization algorithm and the statuses and
departure times of buses can be estimated under different signal plans for person delay
reduction, resulting in the enhancement of proposed perbased control adaptability in variety
mixture vehicle situationsnlthis way, the algorithm and framework of PerSiBus are almost

the same as PerSiCdnnction described in Section 4.3. However, the parameters of buses are
different from passenger cars, which needs to be treated differently in some equations. In this
section, parts of the equations are clarified more specifically to update the theoretical method
and other equations which are not mentioned keep unchanged. The rest sets, variables and

parameters for PerSiCeBus are also supplied in Table 4.1.

The objecive of PerSiCoeBus is taninimise the total passenger delay of cars and buses which

can be detected by CV technology around the junction. The passenger delay is calculated by the
product of vehicle delay and the number of people in cars and buses selyarBte occupancy

level factor is incorporated into the objective function to assign fairly priorities to different
occupancy vehicles. The persbased objective function is formulated in Equatior2@). More
specifically, the occupancy level of cars éndes are expressed respectively in EquatieB4%
Therefore, Equation ¢2) in PerSiCedunction is modified to Equations-28) and (424) in
PerSiCofBus.

Gode O Y p UYEmM 1Y @ om0
N 6 @ AQRTOOR AW RO AL & - o - N
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Constraints (4€5) and (426) replace the original Constraint@) inPerSiCofJunctionto limit the
value range of ccupancy level parameter in each car or bus because passenger cars and buses
have different occupancy capacitiés ando .

6 "Q pltfs Rk A
6 Q pltB ACH

Ca

T 0 @ Om p

om O

Ca

m O

In PerSiCotdunction the initial departure time estimation of vehiclesatane in Equations ¢30)
and(3-11) relies on saturated flolweadwayQ between two vehiclesyhich is a constant when
both vehicles are passenger veleigl However, the saturated flomeadway of bges is different
because buses have different acceleration sateshicle lengteand saturated flow speexthan
passengr cars. Therefore, Equations24) and (427) are inserted behind Equations-{#) and
(4-11) inPerSiCoBusto consider the differehcases of saturated flows headw&yand peed of

vehicles discharging from queuve.

o @ INAQQEUMOa R0 ¢~ 0 VPO wlwwn

o @ UNAQQEMoa 'R0 ¢~ U WO ook iV Om v
. 0 AQQUMO A QOQQI Q@i . = , ,

Equation (427) represents that buses and cars have different saturated flows and the headways
between two vehicles are decided by the saturation flovthef front vehicle. This simplification is
justified by the calculation of headway only relying on the front vehicle, so does not significantly
degrade the results (Yang et al, 2018). Equatie28)indicates that the speeds of cars and buses

dischargingrom the queue, which are used for judging vehicle status, are also different.

In PerSiCo#Bus the performance measure® i fQ of passenger benefits from the last step to
the current step is also a function of state variatded control decisions. Therefore, the value
@ i iQ is calculated by Equations-{4}) and (429) with different carand busoccupancy levels.

Equation (429) is inserted behind4(14) as follows:

o T @ ﬁjmh h QQCXDmﬁXIm)wooL
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(4-29)
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4.5 Detail description ofsignal control algorithmPerSiCofNetwork

4.5.1 The coordinated control in traditional anstate-of-the-art urban signal controls

The persorbased signal control designed for multiple junctions is more meaningful than isolated
junctions as vehicle travel is defined as movement from origin to a destination within a certain
range over one junctiariThe vehicle leaving information from one junction can inform another
junction in advance through connected vehicle technology to achieve junction coordination.
Signal control coordination can provide efficient movements for vehicle platoons passinglthrou
proximal junctions. Vehicles leaving out of the current junction will appear in approaching lanes of
one of its neighbours, all of whose trajectories and passenger delays are possible to be planned by
coordinated signal controls. However, it is noteadthot all of the signal controls are worthy of
coordination. The distance between two proximal junctions should be close enough and traffic
flow demands coming from upstream are not random and substantial. The Federal Highway
Administration reported thajunction coordination could be considered when the distance

between two proximal junctions is less than 0.75 miles (Henry, 2005).

The existing coordinated urban signal controls and stdtthe-art CV adaptive vehicleased

signal control reviewed in Chegy 2, which has shown that a lot of researches have been done to
develop coordinated signal control in urban road networks. The relevant coordinated signal
control systems are classified into three categories based on their objective optimization
architedures and optimal solution levels: central, hierarchal, and decentralized signal control

approaches.

4.5.1.1 Central coordinated signal control approach

The majority of signal timing approaches applied in multiple junctions adopt central junction
coordinaion. The vehicle state and optimization objective in central approaches are formulated
into a globallevel mathematical program. All of the signal timing parameters, such as cycle
length, phase duration and offset are determined through central optiminadigorithms. SCOOT

is an example of central coordination approach operated in a few proximal junctions. The central
computer program in SCOOT calculated the optimal solutions for fixed cycle, offsets and green
durations in order to reduce the total vehictielays and stops on the basis of value prediction by
implementing different signal timing parameters. However, notably that signal control
coordination is a Nowleterministic Polynomial (NP) problem (Hajbabaie, 2012) and it is
challenging to find globalloptimal solutions for junction control objectives when the scales of
road networks expand. Those central approaches are not scalable to be implemented in multiple

junctions if network scales increase.
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4.5.1.2 Hierarchal coordinated signal control approlac

Hierarchal approaches decompose the signal control optimization problem in multiple junctions
into several levels and try to solve the different objectives in separate levels. The core principle of
most hierarchal approaches is to make steavying and wde-arealevel decisions in the upper
network layer and execute the junction area and e optimization in the lower level. The
sub-optimal problems at the junction level are interconnected through a central control unit.
SCATS (Lowrie, 1990) is sadtierarchal approach adopting twevel signal control composition.

The strategic control is carried out by a regional computer to determine the signal timing
parameters and offsets according to average prevailing traffic conditions. The local contbllers
the tactical level can adjust the green time of one junction, making it flexible to correspond to the
fluctuating realtime flow demand. Other cases of hierarchal approaches, such as OPAC, UTOPIA,
and RHODES, have been detailed in Chapter 2. Thedhialapproaches are able to find the

optimal solution more efficient than central approaches in the amount of time. However, the
connections among central control units and syfitimal computers in hierarchal approaches

require a considerable cost on inftauctures. Moreover, the central objective controls in the

upper level are slowarying processes, difficult to be accomplished in-teaé and compete with

distinct objectives in the junction control level.

4.5.1.3 Decentralized signal control approach

The decentralized approaches decompose the planning network into varying regions, involving a
single junction in each of them. The connected controller infrastructures gather vehicular
information surrounding the local target junction and optimize vehitigctives to calculate sub
optimal solutions. This sort of approach can be extended on large network scales and operate in a
reattime environment. More recently, adaptive vehiddased CV adaptive signal controls have
developed in multiple junctions. Aadaptive signal control algorithm aimingratnimisng total

queue length at each junction was proposed by Priemer and Friedrich (2009), separating road
network areas with a number of junctions into individual junctions. While there is no coordinated
information exchange among the junctions thus the sigraltrol is not coordinated. Similarly,

the predictive microscopic simulation algorithm (PMSA) proposed by Goodall et al. (2013) also
lacks considering coordination among adjacent junctions. A cumulative JrawelResponsive

(CTR) junction control algtrm was proposed by Lee et al. (2013) to ensure the smooth

trajectory of vehicle platoons on major streets with the introduction of weighting factors.
However, not test theerformanceof the approach. More recently, a novel DC technical signal
timing optimization is presented to decide the green time termination or continuation at junction

level, also make them be coordinated by informing information from adjacent junctions to make
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them towards global optimality. Compared to the above two sorts of apprescine

decentralized approaches are more convenient to be applied in larger network case studies as
they consider less about the coordination among proximal junctions. The challenge of
decentralized approaches is that their signal timing policies are macli@ed to explore local

solutions and swwmptimal solutions rather than global objectives.

4.5.1.4 Coordination paradigm consideration for this research

The central approaches and hierarchal approaches are not scalable as the extension of road
network ales and are difficult to be retime. In terms of the proposed persdrased signal

control approach, it adopts flexible stage sequences and phase combinations to explore a better
way of optimizing persobhased measures. The central approaches and hibedrapproaches are

not suitable in this case as greater computational complexity caused by flexible signal timing
options makes it challenging to calculate global optimal solutions. The decentralized approaches
will be considered to be more appropriate itmplement persorbased adaptive CV signal control

in urban large scales with a varying number of junctions. However, the developed DC signal timing
optimization inspires that the approaching vehicle number and flow information from

neighbouring junctionsnay be useful for individual junctions, to make them coordinated towards

global optimality.

This project will develop decentralized coordinated perbased CV adaptive signal controls,
making use of arrival and leaving vehicle information from proxinealynected junctions. The
inadequately connected vehicle detection region of isolated junction controllers can be
complemented by infrastructures of neighbouring junctions. The vehicles leaving out of current
junctions will also be captured by a signal ttother to predict the travel time it will approach the
departure lane of the proximal junction and inform through wireless communication. In this way,
the proximal junctions will be coordinated to reduce person delay and improve passenger
travelling expeience. The holding back problem (Doan and Ukkusuri, 2012) probably occurs in
multiple junctions where overhanging queues accumulated in departure lanes obstruct
subsequent vehicles from joining into the end of the queues. To avoid this phenomenon, the
maximum number of queuing vehicles one lane can have will be modelled in the following
constraints. Once the vehicles have reached the limit value, the green duration for this phase will

be provided regardless of the person's delays in other lanes.

A Coordinated Persebased signal Control algorithm (PerSi@atwork) to extend PerSiCen
Junction from isolated junction to multiple junctions. With the implementation of the proposed
algorithm, every junction controller updates the vehicle occupancwafidgtdeparture predictive

list by making use of information received from adjacent junctions. To evaluate its influence, the
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coordinated signal control algorithm will be tested under varieties of scenarios with different CV
penetration rates, traffic flodemands and prediction horizons. The indicator results will be
compared to those in benchmarking models including fikiegk coordinated control and vehicle

based control in multiple junctions to analyse fherformanceof the proposed algorithm.

4.5.2 Approach proposed foPerSiCorNetwork

PerSiCofNetwork assumes that the local controller at every junction operates PerSi@ution
described in Chapter 3 based on CVs data within its wireless communication range to optimize
persontbased signal plans. Tipeoposed algorithm figures out signal timing plans for a given
horizon period and will be triggered to carry out for the next period when the scheme has been

completely executed. The general procedure of it can be summarized in five steps below:

Step 1: Cliecting information from every CV near junctiorand arranginghem according to

their approaching lanes, the location i3t "YRYM RY , instantaneous speed list 6

who M ho and occupancy level listis & 0 Ry M R atevery lane are generated
assuming there are vehicles detected. The elements in those lists are sorted by their distances

to the crosdine from nearest one to furthest within detection range.

Step 2: Givetthe position list and speed list of each larlee initial departure time list for vehicles
Yo "YRYH Y can be predicted at the start of optimization supposing tthet next sep

for this lane will be constantly activated with green lights.

Step 3: The upper layer of theree-layerDP optimization algorithm captures a saptimal
function value for a special traffic situation by the proposed DP framework and removes any

other strategies to avoid recalculation from the initial step.

Step 4: In order to calculate performance measutles,middle layer oftiree-layerDP
optimization algorithm updates the vehicle departure time list in every step, which also explores

all kinds of possible signal plans based on a flexible traffic light state machine.

Step 5: At the lower layer, the algtimin finds the optimal persoiased performance measure at
the end of the planning horizon and uses a backward recursion DP to search for a signal timing

plan resulting in this value function.

According to Section 4.5.1, the central architecture and hiéiiaad structure make junction
controllers more complex or less flexible to implement s@le signal control under CV
environments. Therefore, the decentralized structure is chosen as a general coordination

framework in this paper to enable local conteslt to operate their adaptive signal control
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algorithms. Compared to signal controls in multiple junctions without coordination, it receives
more comprehensive redime vehicular data to realize surrounding environments. Meanwhile,
as shown in Step 1 arddin Section 4.3, the objective benefits of PerSiQamction in the

previous study is calculated based on vehicle arrival prediction and explicit occupancy level as
data inputs. To make less interruption to local algorithm operation and provide moret&tbda
adjacent junctions to promote decision, PerSi@etwork is adopted by combing decentralized
structure and vehicle trajectories estimation approach from upstream. The occupancy level and
trajectory information of undetected vehicles will be processsdnputs of the trajectories
estimation approach to predict their arrival time for local controllers. Another reason for
proposing PerSiCeNetwork is that it can predict queue lengths of connected lanes at any
optimizing time steps to prevent the holdjfback phenomenon of a higtlemand vehicle

platoon. The model formulation and operating algorithms of PerSiatmork are described in

Section 4.5.3 and Section 4.5.4 respectively.

4.5.3 PerSiCofNetwork model formulation

The distributions of local conters and surrounihg vehicles in multiple junadns are illustrated

in Figure 4.8It can be seen that the communication rarigef junctiond cannot completely

cover thelink road between junctiord and" . However, those undetected vehicles the link

road, especially for vehicle platoon with high occupancy levels, have chances to cross joiifction
the adequate green timés given under persoirased delay reduction strategy to save travel time
for more passengers. While junctiéris capable of leaing dag of these vehicles and delivering
them to junctiono with the assumption of no transmission packet loss and communication delay.
In order to provide a comprehensive vehicular environmenttfe personbased algorithm and
reduceinterferenceto local signal decisianthe coordinated model formulation will make

changes to Steqil and 2 of PerSiCealunction to update vehicle location, speed, occupancy level

and initial prediction time list.
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Figure 48 Diagramillustrating coordinated control and vehicle disutions at multiple junctions

Asis seen in Figure 4.8unctiono can detect vehicles and additionally vehicles havéhe
potentials to cross the junction durimganning horizon© 615 represers the distance between
two junctions and) s the distance fronthe cross line of junctio to ¢ "Qth undetected

vehicle. For distance fromhe cross line of junctiod to ¢ “Qh undetected vehicl€Y on link

road, there is:
Yo 08 0,.Jp p Q a amo h

Otherwise if undetected vehicl&y is not on link road, it should satisfies:

Yq 00 0,5 p Qa om M

The distance between two junctiof® 615 is a constant valueFigure 4.9llustrates four cases
of relationships between junction distance and communication range, which are:

a. The distance of junctio® 6 is no higher thathe communication rangéY.

b. The distance of junctio® 6 is higher tharthe communication rang'Y but no higher

thanc'y.

c. The distance of junctio® 6 is higher tharthe double communication range' but

no higher tharthe coordination distance recommendation value 0.75 miles.

d. The distance of junctio® 6 is higher than 0.75 miles.
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Figure 49 Four cases of relationships of distance between two junct@rishd and communication

range'Y

In different cases, the distance fraifme cross line of junctio® to € "Qth undetected vehicle
0 is detemined in different ways. When implement PerSiCoiNetworkin a new location,
the distance between two junctiod® 6f needsto be measured fat and the flowchart in
Figure 4.10s used to judge how to acquire the vallie to calculate’Y using Equatios(4-30)
and (431).
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Figure 410 Flowchart of determining in different relationships 00 6f% and'Y

The vehicle location can be directly determined by junctidhO 61 satisfies the criteria in
case a, or calculated by junctiénin case b. D 61 satisfies the criteria in case ¢, junctién
need to detect the vehicle travelling frotnto 0 with several time steps before the optimization.
The value ofhe time step from detection to optimization equals to gap distai@&hd  ¢Y
divided by freeflow travelling speedv . Then those vehicles the gap betweertwo
communication rangecan be estimated by the distanedetweenthem atthe detection time

step. IfO 6 exceeds than coordination recommendation distance value, there would be no
coordination for the link. In suchaway, vehicle location, speedndoccupancy level list can be
updated asYo "YAY RYRY B Y ,®b oo o B o 006

O B O B0 separately.

If vehiclequeue forms at the approaching lane in junctiér(such as situation (a) in Figure 4)11
due to red lightthe undetected vehicle will first try to dischadrom junctiono with time"Ya
onthe green. It thenexperiences an acceleration process, frém initial dischargingelocityat
saturated floww to free-flow travellingvelocityc , with constant acceleratioA The time
needed forthe acceleratbn proces® satisfies:
W
®

0 0 T™HO
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The distance vehicle travelled throughout the acceleration pro€ssan be calculated as
follows:
o ¥ @ om 0
q8)
The vehicle will then approach with constant speedo cross junctiod onthe green, or stop at
the end of queue formed othe link road to wait for dischargel'herefore, the initial predictive

time of € "Qh vehicle"Y takesthe maximum value of two cases, which is calculated as:

o . oo O . C
Y I Ay QhYa O ———h p Qa Om D
Where"Y isthe predictive discharging time dlie previous vehicle an is saturated
headway of discharginqueue. In case (b) of Figure 4.ffe ¢ "Qth vehicle crosssjunctiond
with free-flow travellingvelocityw . It will also keep this status to cross junctidminless existing
vehicle queue on link road blocks its trajectory. To judge this, the predictive tithe g€hicle

"Y can be calculated as follows:

Y T A@  Of—Fh p Q& om P

To ensure that thee  "Qth vehide of both two cases in Figure 4.4afe possible to be discharged
within planning horizoriY the time predictions under freflow travelling status are constrained
as:

Y _ (@) 6F§ (@)

, ™ p QG om0
R @
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Figure 411 Vehicle situations on link road between junctiorand” in case (a) red light and case (b) green
light at junction"

To avoid the potential flow holding back problems (Doan dklkusuri2012)in coordinated
junctions,the maximum queue length is defined @s

onthe link roadthat at any time step
in the planning horizoriY queue lengthh o cannot exceed the maximum queue length
The constraint is presented as follaw

om v
The queue lengtlh o at time stepdis determined by:
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Lo . e s om Y

Where0 isthe initial queue length at time steprby counting the number of vehidevith
stopped status on link roadQo and™Qo refer to vehicle arrival rate antthe discharging rate at
time stepo. Suppose that queue length equals@® p, and thearrival rae is judged by whether

“@h vehicle will be stopped at the end thfe queue or not, which is presented as:

ph "YQ "YQp Q

Qo Y, Yop O om P

As fordischarging ratéQo at time stepog, its value determines on the basisthé predictive time

of the first vehicle”Y and signal plan8"Q&Qat junctiono. The criterion is presented as follsw

ph  Q® Y pAT'AQQ COAAI

% oy s om 0
m € Niwdi Qi

Qo

4.5.4Description of coordinated controhlgorithm

By incorporating the formulated model above at a coordinated level, PerSi@aion aims to
have enhancegerformancein multiple junctions. As part of the coordinated persoased

control algorithm, Algorithm 4, the coordinated data supplement algorithm, was developed to
supply extra data sources to the local controller with received information from the adjacent
junction. The essential location list, velocity list, occupancy level list and time prediction list are
firstly created by following steps 1 and 2 in PerSiQamction. The locations of those undetected
vehicles are calculated and appended to the locationdimtnbined with information from

junction B and Equations{3D) and (431). After updating the velocity list and occupancy level
list, the initial prediction times of undetected vehicles are calculated using Equati¥®) {44-

36) and appended to the pdiction time list. The new lists will replace the original ones as data
inputs for the local controller to implement the perstased optimization algorithm (Algorithm

5).
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Algorithm 4 Coordinated data supplement algorithm

1: Data collection anpgrocessing procedure (ID, location, speed, occupancy, lane ID of C
2 For each approaching |&@ junctiono:

3 Generate location ¢t based on lane ID

4 Generate velocity h{;tfb , occupancy lesl listG "@ according to sequence of
/ L5 Ay t20FdA2y A&l

5: Generate initial time prediction i) based o Y'® and @

6:

7

8

9

I+
@)
QX

If lari@s road link between junctiod and6:
Generate location s hvelocity list @ , occupancy level ligt "
Updaté® , o ® ,0 @ based on Equatiord(30)
. For each approaching lane of junétiexcep link road:
10: Upda¥® , o ™ ,0 @ based on Equatiord{31)

11: Updat¥'® based onY'® , 0 @ and Equation4-32) - (4-35)

12: Remove thilowing elements ifiY'@® if their values exceed planning horizon
based on equation436)

13: Remove relative elementyifid , o @ ,0 "

14: Else:

15: Pass

16: End procedure

Algorithm 5 operates thehree-layer DP optimiation algorithm developed in PerSiGduanction

by incorporating dynamic queue length check and flow holding back prevention procedure. The
algorithm keeps calculating queue length on the link road at any time step after assigning the
signal plan for the auent step. If queue length exceeds the maximum value, the weight of
discharging vehicles on this lane dramatically increases and the signal controller will intend to
switch the traffic light to green. Once the time step reaches to planning horizon, thlgdsi will
search out a strategy achieving minimum objective value and retrieve it ready for

implementation. The pseudocode of Algorithm 5 is presented below.

Algorithm 5Coordinated control optimization algorithm

1. Coordinatedperson-basedcontrol optimization procedure:

2: Generat&y'®d , o "® ,0 @ ,"Y'® for approaching lane'®f junction 6 based on
algorithm 1, get current phase) at time stepTt

3 For time stepfrom pto 4:

4 Create possé signal plan set in next step based on signal adjacent list add
5 For each in signal plan set:

6: Calculate queue length based on Equat®§), (4-39) and (4-40)

7

8

9

If queue length reaches to maximuomstraint based on Equation 4-37)
Switch green light to light

Else:
10: Pass
11: Calculate sudptimal performance value to minimum person delay based on
Y@ from PerSiCorJunction
12: Update time predictive li§¥'® and( &
13: Record signal plan path to saptimal value
14: Find out optimal performance value from all possible strategies at tirde
15: Retrieve signal planseachingto optimal performance value
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16: End procedure

4.6 Summary

This chapter clarifies the detailed methodology for developing a pebs@ed signal control
approach PerSiCadunction in an urban isolated junction transferring from the veHizsed
approach.n order to solve those challenges and implement the pettsased approach in CV
environments, PerSiCalunction with a thredevel signal optimization algorithm is introduced

with the realization of its conceptual framework. The details of PerSiQooton are also

explained to understand how the proposed algorithm figures out the optimal signal timing plan to
achieve persotbased objectives with completely flexible signal plans and an update of vehicle
departure time prediction. PerSiGdus and PerSi@-Network are then developed to

incorporate persorbased control with bus mode and extend to network scales.
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Chapter 4 provides the details of proposaldorithms to explore the new paradigm of adaptive
signal control for persoiased controls using CV data. To initially validatepértormanceof
persontbased controls, realorld case studies including isolated junction and road networks

need to be costructed in microscopic simulation to test whether the perdmsed controls offer
improved measures compared to benchmarking models. A case study located in Birmingham, UK
is selected where the isolated junction and road networks can be reproduced iosiniciation

and traffic flow demand data for this place can be acquired to imitate the traffic operation
conditions for different periods. As bus routes exist in both isolated junction and road networks
case study, PerSiCdus and PerSiCeavetwork are corespondingly evaluated in isolated

junction and road networks in vehicular environments mixture by passenger cars and buses. This
chapter describes the junction layouts, flow demands, signal phase settings and vehicle
parameters of two case studies to inephent the control algorithm in evaluation experiments.

The results from simulation experiments in various scenarios are also presented to analyse the
performanceof PerSiCoiBus and PerSiCeyetwork in different cases compared to fixéiche

control, actuaed control and vehickased control in CV environments.

5.1 Assumptions and limitations

Chapter 3 discusses that the simulation tool is the most appropriate selection to evaluate the
performanceof urban signal controls. This research builds simulation environments with
observed traffic flow demands and operates all of the signal controls in simulation to imitate their
practicalperformancein the reatworld case study. However, the simulatiorperiments cannot
completely simulate and replace reabrld operations. Some assumptions are made in this

section to acknowledge the limitations of the evaluation framework as follows:

The number of passengers in passenger cars and buses is assumamitaifelPoisson

distribution. The assumptions of passenger number distributions have been justified in Chapter 2
given the mean value of vehicle occupancy. The Poisson distribution probabilities are used in
simulation to decide the number of passengersagte car and bus. The actual state may not be

the same as this assumption, resulting in different vehicle occupancy rates and affecting the

performance of persoibased controls.
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Vehicle generation distribution departed from the entrance of the simulati@dnoetwork is
assumed to be uniform. The-D matrix determines the number of vehicles that enter the
simulation road network in a certain period. From the perspective of simulation traffic flow
generation, in each simulation time step, there is at most velkicle entering the road network

from one lane. Poisson distribution is not suitable to be adopted in this case as it is more used to
estimate the number of vehicles in a certain time interval and two or more vehicles are possible
to be generated in onsecond, which is conflicted with the traffic flow generation mechanism.
Therefore, uniformed distribution is assumed to imitate the vehicle generation distribution and

decide whether there is a departing vehicle in every time step.

Krauf3 caffollowing modeé adopted in experiments is assumed to represent the actual behaviours
of vehicles on road. The actual states of vehicles may be different from the behaviours simulated
in the carfollowing model. This results in inaccurate vehicle arrival prediction ¢patie the
performance of persoibased control. Theerformancegenerated by simulation may also not

reflect reatworld conditions.

The rates of the bus in vehicle types are assumed to be the same at different times of day, which
is equal to the statisticsf bus rates in different vehicle types. In the real world, the rate of the
bus would be higher during peak periods. This is because the bus operation frequency increases
with higher traffic demand during peak periods. The different rates of the busfatetit times of

day may affect thgperformanceof personbased control.

The vehicle flows and their routes from originations and destinations in the case study area are
assumed to be consistent with the real states. Besides the planning networks, thalsa@some
branches distributed around the main road and share a part of traffic demands. However, the
traffic flow across these branches cannot be collected. The road network in simulation
experiments is simplified and-D matrixes are constructed to enguthat the traffic flows

travelling through the detectors are consistent with the recorded data. In real states, the vehicle
routes are more complicated than those in simulation experiments and traffic flows have various
originations and destinations, wdh cannot reflect the real traffic dynamics. This is a limitation of

the evaluation framework.

0.01m/s speed threshold is assumed to judge whether a vehicle is stopped or not. The
reorganization of a stopped vehicle is an important component in pebsmad control

algorithms and the number of stop measurements. A strict speed threshold value contributes to
accurately detecting a vehicle stop event. In SUMO simulation the speed of all stopped vehicles is
observed to be lower than 0.01m/s. Therefore, 0.01ms/saken as a threshold. In practice, the

speed of a vehicle can be measured by a speed odometer and data measurement errors need to
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be considered to take the speed threshold. The data measurement error may cause the speed of
a stopped vehicle is illustied to be higher than the strict threshold and detection fail. The speed
threshold taken should relatively higher in practice to satisfy that the speed measurements of
most of the stopped vehicles (e.g. 95% or 99% of the vehicles in experiments) arghislow

value.

5.2 Location of case study and junction layout

To validate thgperformanceof the proposed persoibased algorithm and other traffic signal
controls, realistic realvorld case study models need to be constructed. As discussed in Chapter 3,
microsimulation is the most suitable way to model the signal control experiments in thentur
stage. To reproduce the traffic behaviours on road networks and urban junctions, both junction
and road network geometry layouts and traffic flow recorded data surrounding the junctions are
required. At the time stage of this research, Birmingham Cityncil provides great quantities of
recorded traffic data in the areas of Birmingham and West Midlands, covering a large number of
inductive loop stations and urban junctions (Birmingham City Council, 2019). The dataset can be
accessed online to generatke traffic demands for the urban area to model the road networks.
After comparison, a road network consisting of 5 signalized junctions in the Newtown area of

Birmingham is selected as a realistic case study to validate the proposed method, whichris show

in Figure 5.1.

Figure 5.1 Map of the case study location in the Newtown area of Birmingham. The locations of inductive

loops are marked with yellow probes. The lane approaches are represented by red lines
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The case study nsidered as the most appropriate place to evaluate the prop&ar&iCon

Networkfor the following reasons:

1. The area covers a long route corridor (around 2km) with 5 successive urban junctions and 36
inductive loops. The ratio of the number of loogsd junctions is highest in this area. The high
coverage of inductive loops ensures traffic flows in this area can be reproduced in simulation with

adequate accuracy.

2. The distance between two junctions is suitable to adopt coordinated pdrasad cotrol,

neither too long nor too narrow.

3. The area contains large residential areas, and key educational and sports points such as
Nishkam high school, JD Gyms Birmingham and the University of Law, Birmingham to produce and

attract trips so that a greatumber of traffic flows can be observed.

4. The geometry layout of crossroad junctions is standard to implement signals, rather than
providing roundabouts and dedicated left turn lane for vehicles before the approach to the

junction area, with sufficienphases to make persdmased control to be feasible to implement.

As different versions of persdwmased controls are proposed in Chapter 4, the selected case study
area is used to construct isolated junction and road networks to evaluate the pbesad

controls. As buses exist in both isolated junction and road networks, PerBid3oand PerSiCen
Network are operated to test theperformancein two cases respectively. The junction layouts of

the two case studies are introduced below.

5.2.1 Isolated jundbn case study

The isolated junction case study is adopted to test the isolated junction version of geased
control PerSiCoBus. It is one of the junctions in the selected case study area. An isolated
junction located at New John Street West & A3dcfipn in the Newtown area of Birmingham is
modelled in the opersource microscopic simulation package SUMO. Figure 5.2 (a) illustrates the
junction layouts and ®ptions signal phase diagram. Figure 5.2 (b) presents the planned origin
and destination zone of traffic flows travelling through this junction. The junction is selected for
the isolated junction case study as the highest traffic volumes travel across this junction and the

8-options signal phase diagram is flexible to apply peisased control.
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Figure 52 (a) Geometry and signal phase diagraim) origin and destination zones isolated junction at

New John Street West & A34 junction

5.2.1 Road network case study

The modelled urban corridor consisting oiccessive junctions is illustrated in Figure 5.3 with

red lines where the surrounding inductive loops are distributed to collect traffic flow data. The
interlocking part of roads B4100 and A4540 at the top left corner of the map is an overpass
without a turning lane rather than a signalized junction. The geometry road map data for this area
from Open Street Map (OSM) are used to reproduce the road network with 5 signalized junctions
(represented by traffic light icons in Figure 5.3) in SUMO (OSM, 204®k Bi3 illustrates the

simulated road network.
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Figure 53 Simulated road network in SUMO. The signalized junctions are marked with traffic light icons

5.3 Traffic flow data for case study

To generate the traffic flow demasdor the modelling road network, two types of datasets are
collected from the case study: manual traffic survey and recorded flow data from inductive loops.
The manual traffic data are used to ensure that the dataset from the online database matches the
data in the real site. The traffic demands from the online dataset are collected and processed to
generate the traffic flows crossing the case study area. The procedures are described in this

section.

5.3.1 Manual traffic survey

A manual traffic survey ofhe selected case study has been carried out over two days in October
2020. A manual traffic survey aims to observe the traffic data from real site locations of the case
study to ensure that the traffic dataset used online is consistent with the actua sfatehicular

situations. The contents of the manual traffic survey include:

1. 15 minutes of traffic flow counts for each approach at 5 junctions in the selected case study

area,;
2. Signal stage patterns and sequence at each signalized junction;
3. The poportions of different vehicle types.

The detailed collected results of the manual traffic survey are placed in AppeddiX e traffic

flow counts are observed to compare with the traffic data from the online dataset. The signal
stage observations angsed to determine the stage patterns and sequences for benchmarking
models in simulation. The vehicle type constitution is to make sure that the vehicle type ratio

statistics from DfT are reliable to be used to estimate the bus numbers in Chapter 7.

5.3.2Traffic dataset from Birmingham City Council

Birmingham City Council provides the Birmingham and West Midlands withimesatraffic data
which can be accessible for public use (Birmingham City Council). The datasets include traffic
counts, vehicle speed) and geometry locations of inductive loops over the past 10 years until
2018. In this project, the traffic flow counts from inductive loops illustrated in Figure 5.1 between
2017 and 2018 are used to generate the traffic flow volumes for the case atady The traffic

flow counts from each inductive loop are recorded at a frequencyofriutes intervals. The data
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files for these inductive loops are downloaded and aggregated franinbite interval traffic
counts to thour interval traffic counts over2hours each day as the daily flow patterns can be

formed and observed to decide which part of the data is used to reproduce the traffic flows.

Three types of traffic flow counts are considered to be adopted as data for traffic volume
generation: averagéow for weekdays excluding public holidays, average flow for public holidays
and weekends, and average flow for all dates. An example of traffic flow daily patterns of three

types in an inductive loop coded with N51131R is shown in Figure 5.4.

Mean flow for loop N51131R =—Mean weekday

e \lcan weekend
700
e \can total

600

500

400

Flow (Veh/hr)

200

100

00 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Hour time

Figure 54 An example of the daily flow patterns in weekdays, weekends and total average flow for

inductive loop detector N51131R

Figure 5.4 illustrates that the average daily flow profile on weekdays has two peak hour periods,
the inter-peak period from 7 a.m. to 7 p.m. and the-pffak period from 8 p.m. to 6 a.m. the next

day. This allows the signal control to be evaluated at different traffic flow levels including peak
periods and offpeak periods. However, there is no ohwiotraffic flow characteristic from the

weekend daily flow profile like peak hour periods. The mean flow profile combined weekdays and
weekends also has no such characteristic. The traffic counts from weekdays are selected to use as
they conduct various &ffic flow levels to make traffic signal control evaluations challenging and
meaningful to understand how the proposed method works in different traffic states. As a result,
the traffic flow data for weekends and public holidays are removed from the diatais2017 to

2018 to generate the average traffic volumes crossing through these inductive loops during

weekdays.
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In order to test the performance variances of PerSiBas and PerSiCeaxetwork to the changes

in traffic flow demands, different traffic fle level scenarios are arranged in simulation

experiments according to the daily flow profile of average flow. The grey lines in Figure 5.5
present separate daily flow patterns of an example inductive loops on weekdays. Figure 5.5
illustrates that the rangsurrounded by low and high (x25% of average flow) daily flow patterns
covers the majority of daily flows experienced by inductive loop N51131R on the weekdays of the
whole year. +25% of the average flow is also an empirical limit value to prevent hatigy tr
congestion to occur in TRANSYT filiate controls. Therefore, £25% of the average flow is

defined to be high and low traffic levels in simulation experiment scenarios.

Mean flow for loop N51131R e F-Mean
1200 F-High

_— F—LOW

g

2
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400

200
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Hour time

Figure 55 An example of the daily flow patternmaveekdays and average flow profile in low, average and
high levels. The grey lines represent separate daily flow patterns on weekdays. The yellow, red and green
lines represent the daily flow profile in low26% average), average and high (+25% avetagels

respectively

5.4 Convert flow data from inductive loops to-D matrix

In this project, hourly traffic volumes are generated to imitate traffic flows crossing case study
area over 24 hours as a comprehensive consideration of balancing daily flewrpiitmation
(compared to examples likefurs traffic flows) and massigatistical worlike traffic counts in
5/15-minutes intervals. Hourly flow volumes experienced by inductive loops need to be processed
to form OD matrix, which is a critical dataput to product traffic volumes for the case study
(examples illustrated in Table 4.1 and 5.1). The most widely used approach to model traffic

demand ig~ourStep Model (FSMPe Dos Ortuzar and Willumsen, 2011) with inputs of user
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activity data and gemetry layouts of road networks. The steps of FSM include trip generation,
trip distribution, mode choice and route choice, which are briefly described in following sub

sections combing real states of case study.

5.4.1 Trip generation

The traditional trip gneration method estimates traffic volumes produced and attracted by each
zone by a wide range of surveys involving trip categories, number of households, humber of
dwelling units, etc. In this research, as traffic volumes counted by inductive loopware tie
locations of zones are defined at the far side of inductive loop sites so that all of the traffic
travelling from and to the dedicated zone can be detected by corresponding inductive loops. The
origin and destination zones with numbers A to Dtfa isolated junction are allocated in Figure
5.2(b). The locations of zones with numbers A to K for producing and attracting traffic flows in the

road network area are allocated in Figure 5.6.

Figure 56 The locations ofones with numbers A to K in the sketch of case study junctions

The traffic volume values detected by inductive loops located at upcoming approaching lanes
from zones to junctions are equal to the trip generation summation of related zones. The traffic
values from inductive loops at discharging lanes from junctions to zones represent the trip
attraction summation. The hourly summation of trips generated and attracted by zones A to K can

be realized from the corresponding inductive loops over 24 hours orkeaes.

149



Chapter 5

5.4.2 Trip distribution

Trip distribution aims to sort the summation of trip production/attraction from each zone to other
origin/destination zones to form an-D matrix. As no prior travel survey information and vehicle
turning counts data can bevailable, an initial trip assignment needs to be carried out to
proportional assign the trips based on the weighted factor before the calibration with values from
trip generation (De Dios Ortuzar and Willumsen, 2011). The weighted factor used for assigning
summation production/attraction trips in this research is defined as a product of the number of

lanes and speed limit of lanes from each approach, which is regarded as an index of road capacity.

The initial trip assignment estimates the values of th® @atrix. However, as both origin and
destination trip summation are known in this research, double proportional assignments would
result in the trips being over or undaissigned and not consistent with one of the
origin/destination values. The-D matrixneeds to be calibrated after assignments. The Furness
model (Furness, 1965) is considered to be the most suitable method in this study to calibrate the
O-D matrix values. The Furness model is a doablestrained growth factor method so that it can
executetrip distribution calibration without other information requirements (such as expansion
ratio in the growth factor model) and the summation of trips can be adjusted to fit both origin
and destination values (compared to singlenstrained model). In thiway, the traffic flow

counts from inductive loops are converted to hourhbOnatrix over 24 hours on weekdays. For
the isolated junction, 4 zones located in 4 different directions in Figure 5.2(b) are assumed to
generate and attract traffic volumes to csist of vehicles arriving and discharging from different
routes. An example of an hourly@matrix of 4 zones for the isolated junction is presented in
Table 5.1. Table 5.2 provides an example of road netwekratrix results after iterations of

calibrdion.

Table 5.1 An example of €D matrix assignment during morning peak perfodisolated junction

Hourly flow demand (pcu Destination zone
A B C D
A - 135 137 244
Origin zone B | 130 - 205 | 364
C 133 207 - 374
D 222 365 393 -
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Table 5.2 An example of €@ matrix assignment during morning peak perfodroad network after Furness

model calibration

Hourly flow demand (pcu Destination zone

A|B|C|D|E|F|G|H|I]|J| K

A | - |135|137[20(33|20(26|27|16|28| 73

B |130| - |205|30|49(31|39|40|24|42|109

C [133/207| - |30|50|31|40 |41|25|43|112
D|21|33|3|-|8|5|7|7|4]|7]|18

E | 30|47 |48 |7|-|7]/9|9|6|9]| 25

Origin zone F|15| 25|26 |4 |6 |-|5|5|3|5]| 14
G|21|34|3|5[9|5|-|7|4|7] 18

H | 30|48 |50 |7 (11| 7|9|-|6|9] 26

| | 26| 40|43 |6|11|/6|8|8|-|8] 22

J | 30|47 |47 |7 |12|7|9]|9|6]|-|26

K | 57| 90| 93 |13|22|14|18[18|11[19]| -

5.4.3 Mode choice

The mode choice is to determine the vehicle volumes from tHe @atrix in different vehicle

types. The UK Department for Transpprovides statistics about the ratios of different vehicle

types in the VEH0104 dataset in 2018 (UK Govt. Dept. Transport, 2018b). The vehicle type
distributions were also counted from the manual survey to ensure that the statistics are
consistent with theeal vehicular situations in the case study area, which can be found in
Appendix C. The vehicle types from datasets include passenger cars, buses, LGV, Heavy Goods
Vehicle (HGV) and Motorcycle (MC). In this section, the evaluation experiments put more
emphasis on understanding the benefits of pers@tated indicators from the proposed method
under passenger car circumstances with different occupancies. The simulation scenarios assume
that all vehicles on road are passenger vehicles. In the next chaptembde is incorporated

into the vehicle fleets. Other vehicle types can also be considered with different vehicle models

and priority levels in future research.
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5.4.4 Route choice

In the traditional FSM model, if few alternative routes allow vehiclesaeel from origin to
destination point, the vehicle volume needs to be assigned on these routes following the rules
such as the shortest path principle. Although there is not only one route that can be found from
defined origin zones to destination zonedHigure 5.1, the traffic volumes from those branches
cannot be detected as no inductive loop site locates. In this research, the sketch of isolated
junction in Figure 5.2 and multiple junctions in Figure 5.6 is adapted to provide the optional
routes from gigin to destination as these approaches are distributed with inductive loops. As a
result, there are limited ways can be chosen from each odgistination pair. The traffic volumes
allocated in each route may not reflect the real states of traffic situns in this area but they are
the best way to make the traffic flows generated by simulation to be consistent with recorded

traffic count information from inductive loops.

5.5Model calibration and validation

Traffic modelling guidelines version 4.0 gabéd by DfT (DfT, 2021) suggest GEH values are used
to calibrate and validate the traffic flows within the model simulation to match traffic counts to an

acceptable level of accuracy. The GEH statistic is calculated as follows:

”n ” . ‘C
000 S “Q 05 2 &Y 6 W0
Qs Qoo

Where"O is the trafficvolumes generated in simulation frothe FSM approach an®® is the
traffic volumes observed by inductive loops. The model flow counts stsatikfythe criteria that

GEH statistics of more than 85% of the cases should be less than 5%.

The flow counts in the average level were used to be calibrated in this research. High and low flow
levels can be adjusted accordingly. The GEH statistics were tadicuting hourly flow counts

obtained from inductive loops and hourly flow generated by the FSM approach over 24 hours. If

the GEH values fail to satisfy the requirements, the hourly traffic volumes produced by FSM are

sent back to be recalibrated. Thisogedure will be repeated until GEH values meet the criteria.

The results of GEH values are indicated in Figure 5.7. From Figure 5.7 all of the GEH values over 24
hours are below the 5% criteria baseline, which means that the traffic flows used in thetsimul

are well calibrated to represent the real state traffic flows.
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GEH values for different hour time periods

5% GEH baseline

GEH values (%)
w

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Hour time

Figure 5.7 GEH values for different hour time periods over 24 hours

5.6 Junction settings and vehicle parameters

5.6.1 Stage patterns

The fixedtime control, actuated control and vehicleased control using CV data apply a fixed

stage sequence. The green phases operated in one stage need to follow the phasmnflmting

rules. In isolated junction, the stage sequence and phase combinations areeth$eym the

survey of the case study. Lattrning, straight movements and dedicated righitning

movements in the same direction are combined to form one stage. The stage sequence applied in
three benchmarking models is graphed in Figure 5.8. For retwonks, a traffic manual survey
gathers the stage sequences of 5 junctions and applies them in simulation experiments, the

detailed information has been placed in Appendix B.

Stage 1 Stage 2 Stage 3 Stage 4
TR AT J]L J]L
A —tb ! —L» %—tp %—f-b 4
S R = =
llr e e e

Figure 58 Stage sequence fasolated junctioncase study
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5.6.2 Intergreen time, minimum green time and maximum green time configuration

The intergreen time is the duration of phase transition to ensure the safety of vehicle movements
at the junction. The intergreen time duration is derived from theddiernment guidelines
presented in Table 5.3, which is related to the distance from the crossline to probable collision

points.

Table 5.3 Determining intergreen time duration by DfT (DfT, 2006)

Distance(m)|<10|/10¢ 18|19-27|28 ¢ 37|38-46|47-55/56-64|>65

Intergreen (s] 5 6 7 8 9 10 | 11 |12

Minimum green time and maximum green time are important parameters in actuated control to
constraint the green duration for each statgesatisfy queue clearanaequirement. The vehicle
based control using CV data also adopt the configuration settings of minimum and maximum
green time as it follows fixed stage sequence. The recommended minimum and maximum green
duration are given by Traffic Signal Timing Manudldble 5.4. The minimum and maximum

green time in this research are set to 2 and 10 times intergreen duration.

Table 54 Typical minimum and maximum green interval duration

Phase Facility Type Maximum Greer{s) | Minimum Green(s)
Major Arterial (speed limit exceeds 40 m 50to 70 10to 15
Major Arterial (speed limit is 40 mph or le 40 to 60 7to 15
Through
Minor Arterial 30 to 50 41010
Collector, Local, Driveway 20 to 40 2to0 10
Left Turn Any 15to 30 2t05

5.6.3Signal timing parameters
5.6.3.1Signal timing parameters for TRANSYT fistede control

Hourly GD matrix of zones in Table 5.1 and Table 5.2 are adopted as traffic volume data inputs of
TRANSYT and TRANS¥fwork fixed time optimization. Cycle length is another input parameter

to decide the green operation duration for each stage. The &fdmmends that the cycle time of

the fixed time plan should not exceed 120 seconds regularly to prevent drivers from being
frustrated to wait too long at red lights (DfT, 2006). TRANSYT 16 provides a Cycle Time Optimizer

function as optional support to thdifficult task of selecting cycle time. Cycle Time Optimizer
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provides information for a wide range of cycle length selections and figures out the relative
results of the Performance Index involving practical reserve capacity or total delay. The cycle
lengh optimization results for the isolated junction are graphed as an example in Figure 4.4.

TRANSYT Cycle Time Optimiser Graph
4000

W Overssturated E
Undersaturated 3500
W Lowest vale CT: 180 s -
m Min Practical CT: -1 ¢ £ 3000
1™
Qurrent 7]
Q. 7500
el
= 2000 =
o
= 1500 I
2 I
£ 1000~ |
z

|
ol Illllt
%

0 80 100 120 140 160 180
Network Default Cycle Time (s)

Figure 59 Cycle time optimization resufor isolated junctiorwith cycle length from 60s to 180s with a

step of 10s

Figure 5.9ndicates that the Performance Index decreases as the cycle length increases and there
is no obvious decline when the cycle length is longer than 120 seconds. The cycle length of 120
seconds is selected for TRANSYT signal plans. The optimized signallimsraye produced in

Table 5.5.

Table 55 TRANSYT signal timing plans for isolated junction (Stage ID are showmérbFg

5.6.3.2Signal timing parameters for actuated signal control ILACA

Stage I} Stage start (4 Stage end (g Duration (s
4 0 15 15
1 21 44 23
2 50 83 33
3 89 114 25

Some parameters for control strategies responsive to traffic flow should be decided based on

junction layouts to operate the algorithms. For instance, the start time loss at the start of green
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time and saturated flow for each lane in the isolated junci®observed to be 1.8s and 1400

veh/h separately in this junction. The 1400 veh/h saturated flow equals to flow of 0.38 veh/s,
therefore the time needed to clear 1 vehicle in the queue is estimated to be 2.6s. For the

inductive loop actuated control algdinim (ILACA), each approach lane installs inductive loops at

6m and 18m from their stop lines (Highways Agency, 2002) so that the vehicle flows can be
detected. At the actuated control decision point (see figure 6.2), if vehicle flow is greater than

80% ofthe saturated flow (0.8 1400veh/h = 1120veh/h = 0.31vehisU 3s/veh), the vehicle can

be detected less than 3s from the last detection time between detectors. Thus the unit extension
time will be extended for this lane corresponding to high vehicle dema@hd.typical value of

extension time is suggested to be a range from 0.1s to 2s in (Koonce et al., 2008), so 1s extension

time will be accepted here to related to the time step.

5.6.4Vehicular parameters for cars and buses

As claimed in Chapter Brauf3 caffollowing modelis the most appropriate model to reproduce
the vehicle behaviours in this projedthe Kraufl3 cafiollowing model parameters fqgassenger

cars anl buses are described in Table 5.6

Table 5.6 The KrauRRar-following model parameters for gaenger cars and buses (DLR,801

5SaO0ONR LI 1y + 1 f dz8
+ SKAOf S n tlhaasSy . dz
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5.7 Passenger occupancy estimation

Although there are no specific distribution proportions of different car occupancies released from
UK DIfT or detailed survey information from the case study area, the number of passengers in a car
(excluding drivers so that the value can start from 0) lmamssumed to follow Poisson

distribution when the number of independent trials is large and the probability of occurrence in
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one experiment is very small. The mean values of vehicle occupancy at different times of day on
weekdays are provided in Table 218 different hour periods, the corresponding mean vehicle
occupancy value is considered as the mean occupancy of passenger vehicles in the case study
area. Given the mean value, Table 5.7 provides an example of probability estimation for
passenger carsith different occupancy levels from 1 to 4 assuming they follow the Poisson
distribution. For each new generated vehicle, the probabilities of the number of people inside it
can be decided in Table 5.7.

Table 5.7 Different probabilities of carsoccupancie$rom 1 to 4in a vehicleassumed Poisson distribution

with a meanof 1.6

Car occupancy 0 1 2 3

Probability 54% 33% 10% 3%

Similarly, the bus occupancies can be assumed to follow the Poisson distribution. The distribution
of different vehicle types in the VEH0104 dataset provided by DfT can be used to determine the
model choice in the traditional FSM method (UK Govt. Dept. Transport, 2018b). The statistics

from the dataset are compared with the results collected from the masuavey in the case

study location to make sure that the statistics are consistent with the real state, which can be

seen in Appendix C. In this research, two vehicle modes, passenger cars and buses are considerec
As there is no statistic for vehicle wyglistribution under different hour periods, the traffic

volumes of buses are calculated by total traffic volume multiples the summation percentage of

bus distribution to determine the bus flows in different periods.

From average vehicle occupancies edrby vehicle types provided by DfT in Table 2.3, the

average bus occupancy (with driver) is 13.2 in 2000 and the average growth rate until 2036 is O
(UK Govt. Dept. Transport, 2021b). In this research, it is assumed that the average bus occupancy
(with driver) in the case study area is 13.2 and the distribution of passengers follows the Poisson
distribution. The bus capacity is determined by the local bus operator National Express West
Midlands in the case study area. The buses consist of 30%-dexkerbuses with 45 passenger
capacity (Alexander Dennis, 2019a) and 70% dedétker buses with 86 passenger capacity
(Alexander Dennis, 2019b). The estimations of different occupancy excluding drivers are listed in

Table 5.8 as follows.
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Table 5.8 Different probabilitiesof buses with occupancy from 1 to capacity assumed Poisssinilolition

with a mean of 13.2

Bus occupancy 1-5 6-10 11-15 16- 20 21 - Capacity

Ratio 1% 22% 53% 22% 2%

As bus occupancy values are variba, distribution ratios of different passenger numbers are
calculated in groups with a step of 5 passengers. The bus occupancy number in each group is

assigned uniformly to form the ratio of the corresponding group to estimate bus occupancy.

5.8 Evaluationexperiments

To validate thegerformanceof PerSiCoilNetwork, the road networks and generated traffic flows
of the case study in the Newtown area of Birmingham were implemented in SUMO. Table 3.4
provides an evaluation outline. To evaluate ferformancein different flow demand levels, the
proposed algorithm was simulated in three kinds of flow levels: low, average and high. The low
and high flow levels are defined as +25% of average hourly flow levels. The car occupancy
distributions and cafollowing malel parameters are described in the above sections. Three
benchmarking models: TRANSYT, ILACA/ah8iComnd their coordination versions were

programmed and operated in simulation.

The penetration rate, which is the rate of CVs to 1@w cars, is set teary between 10% and

100% with a step of 10% in simulation to test pge¥formanceof the proposed algorithm to

change to CV penetration rate. The communication range is set to be 250m and situations of data
measurement and transmission processes are m&slito be perfect (no packet loss, data
measurement error and data transmission delay). Meanwhile, different planning duration values
will be adopted in the PerSiCddus and PerSiCeaxetwork evaluation. The planning duration is
incremented from 10s to 60sith a step of 10s to test the influences of the planning horizon
towards PerSiCeBus and PerSiCeaxetwork. Besides the various scenarios to different traffic
flows, prediction horizons and CV penetration rates, a range of bus occupancy levels arentested
simulation, with a step of 1fflom 10 to 50 and with a step of 2 below 10, to analyse the
sensitivity of the proposed algorithm to bus occuparidye different values of weighted facftor

from O to 1lin Equation (2) are adopted in PerSiCahnction to observe the changes in
performance Theperformanceof buses and passenger cars are also expressed respectively to

understand howthe proposed algorithm works in the mixtuad vehicular environments.

Each experimental scenario was operated 30 times diffierent random seeds to avoid the

influences of randomness on generated traffic demands and occupancy sequences. The
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experiments were carried out on a laptop with Windows 10 system and Intel Core i7 CPU (2.9
GHz) and computational cost is recorded faclk simulation. The average computation time for
each time step (1s decision step and 29s execution step for every 30s) and each decision point is
0.174s and 0.378s for isolated junction experiments, 0.204s and 0.531s respectively for road

network experimats, both of which are less than 1s.

In order to identify whether there are significant differences in PerSidatmork and
benchmarking models, the hypothesis tests are carried out between mean pegtadad values
of them. As all of the evaluatiaresults collected from the proposed method and benchmarking
models are samples and they may not reflect the actual mean values of signal controls, two
sample Ttest hypothesis tests are adopted for this research in the case that the actual mean

values arainknown and cannot be captured.

5.9Results and discussiorisr isolated junction case study

The proposed perschased controls PerSiC@us and PerSiCeavetwork are operated in isolated
junction and road networks respectively to validate the perbaised control effectiveness in
different traffic environments. This section presents and analyisesdsults of PerSiCeBus
which is evaluated in the isolated junction case study, including general results of PdB8&Cion

100% CV penetration rates apdrformanceto different sensitivity factors.

5.9.1 General results

The results in Table 5.9 shdle average person delays and average vehicle delays sorted by
occupancy levels from PerSiGBans and comparisons of three benchmarking models. Table 5.10
presents the average person number of stops and average vehicle number of stops of RerSiCon
Bus andlree reference models. The average vehrelated values: average vehicle delay and
average vehicle number of stops, divided by the total number of people and number of vehicles
are also summarized in two tables. To illustrate the priority policies anbeffects of the

proposed approach PerSiG&us to different occupancy level vehicles, fregformanceof

evaluated vehicles in different signal control simulations are recorded separately by different
occupancy levels. The numbers in the last two caisiim Tables 5.9 and 5.10 represent the
collected output data of average person/vehicle delay and average person/vehicle number of
stops values per person. Meanwhile, the data in the first four columns present person/vehicle
delay and stop values per persoategorized by occupancies. All values are collected under 100%

CV penetration rate.
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Tables 5.11 and 5.12 illustrate thevplues results of two sampleté@st carried out between

outputs collected from PerSiCddus and benchmarking models in differenthiind levels in a

95% confidence degree. In each experiment, if thalue is less than 0.05, one group of data is
identified to have a significant difference compared to another group of data. The hypothesis test
results are contributed to verify whethéterSiCo#Bus achieves significant improvements or not

against another reference signal control method.

The general results are discussed in further detail in the following part of Section 5.9.1.

Table 5.9 Comparison of averageapsenger delay (s/per) and average vehicle delay (s/veh) of the proposed
algorithm and benchmarking algorithms under three flow scenarios in 100% CVs penetration rate with a

mixture of cars and buses
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Table 5.10 Comparison of average passenger stop (hum/per) and average vehicle stop (num/thedn) of
proposed algorithm and benchmarking algorithms under three flow scenarios in 100% CVs penetration rate

with amixture of cars and buses
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Table 5.11 P-values in average person delagd average vehicle del@pmparisors for PerSiCosBusand
three benchmarking models in different traffic flow demands véthmixture of cars and buses in 100% CV

penetration rate and 30s prediction horizon

Average person P-values Averagevehicle P-values

delay comparison| 1o NSy ILACA| VehsiCor] d€18Y Comparison| o A nisv1 L ACA| VehsSiCor

Low 0.000 |0.000| 0.004 Low 0.000 |0.000| 0.043
Average 0.000 |0.000| 0.010 Average 0.000 |0.000| 0.018
High 0.000 |0.000| 0.003 High 0.000 |0.000| 0.024

Table 5.12 P-values in average person stapd average vehicle stapmparisors for PerSiCofBusand
three benchmarking models in different traffic flow demands vétmixture of cars and buses in 100% CV

penetration rate and 30s prediction horizon

Average person P-values Averagevehicle P-values

Stop comparison| o ANy ILACA| VehSiCor] STOP COMPANSON| +p A NSy ILACA| VehSiCon

Low 0.000 |0.000| 0.013 Low 0.000 |0.000| 0.027
Average 0.000 |0.000| 0.025 Average 0.000 |0.000| 0.047
High 0.000 |0.000| 0.017 High 0.000 |0.000| 0.032

It can be found from Table 5.9 that the proposed PerSiBamreduces 40.2951.8%, 28.2%

38.6% and 6.8%9.8% of average passenger delay of all vehicles compared to the TRANSYT, ILAC,
and VehSiCon benchmark algorithms in the vehicular environmengr thke flow scenarios.

Table 5.10 demonstrates similar reductions of average passenger stop for the proposed

algorithms against the benchmark algorithms, which are 46.8%7%, 36.8%47.9% and 5.5%

10.7% respectively. Meanwhile, the average vehieley and average vehicle stop of the

proposed algorithm also is not heavily degraded in each scenario even if VehSiCon is selected as &
baseline. Although Table 5.11 and Table 5.12 show significant differences in average vehicle delay
and average vehiclgtop of PerSiCeBus compared to VehSiCon, the average vehicle delay and

stop of the proposed algorithm are only 4.7% 3% and 4.3%6.1% higher than those of

VehSiCon. The signal control methods using CV data achieve fewer average person delays and

average vehicle stops, as CV data inputs can provide a more accurate estimation of vehicle
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crossing time than infrastructure sensors such as inductive loops estgiegmined offline signal
optimization. The higher average delay and stop in ILACA canrlimigt! to an imprecise

estimation of road conditions, queue length discharging time, stage switching and green
extension by inductive loop sensors. The detectors in ILACA can partially react to flow demand
and adjustments for signal plans are not as aataas VehSiCon and PerSiBus in the absence

of vehicle instantaneous trajectories from CVs, resulting in a higher frequency of mode switching

between queuing and discharging statuses to cause more average stops.

The results indicate that the applicatiof connected vehicle technology is more beneficial to

road network signal control than inductive loops under 100% penetration rate situation. The
proposed PerSiCeBus achieves obvious average person delay reductions even compared to
VehSiCon, which reftts the effects of the proposed perstwased control algorithm in this

project. The Pralues results from hypothesis tests in Table 5.11 and Table 5.12 also identify the
improvements of the proposed PerSiGBus on average person delay and average peston

Table 5.11 and Table 5.12 illustrate that the PerSiBas1has significant differences in average
person delay and average person stop in high, average and low traffic demand scenarios against
TRANSYVehSiCopwhere the Prvalues results are alelow 0.05 at 95% confidence level.

Among three different traffic demand levels, PerSiBus achieves the highest average person
delay and average person stop reductions against three benchmarking models when the traffic
demand level is low. On the contga PerSiCoius reduce the average person's delay and stop at
minimal degrees when the traffic demand level is high. This is because more vehicles arrive at the
junction with dynamic occupancy level combinations when traffic demand is higher and PerSiCon
Bus have to first give priority to some low occupancy level vehicles before the vehicles with high
occupancy levels. For instance, in highel traffic demands,-bccupancy vehicles are more likely

to be stopped before ©bccupancy vehicles, seotcupancyehicles can only be discharged after

the green light is given for-dccupancy vehicles. Therefore, high flow level influences the

performanceof PerSiCoiBus to a certain extent.

More specifically, it can be observed from Table 5.9 and Table 5.10 that the average delay and
stop of highoccupancy cars (cars with 2, 3 or 4 occupants) and buses are significantly reduced
compared to the summations of average passenger delay. In teficer® with 4 occupants and
buses, the average delays of them are 25:3%.1% and 60.8%66.7% less than those in the
vehiclebased approach VehSiCon using CVs datanonise vehicle delay in all cases. The
average person stops of them are also sigaiitly less than those in VehSiCon. However, the
average delay and stop ofdccupancy vehicles are 23.5%8.1% and 25.4%43.3% larger than

those inVehSiConAs expected, the reason is that the proposed algorithm reduces delays ef high
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occupancy velgies and scarifies the travel time obtcupancy vehicles through more flexible

signal timing plans in-Bhases junction to reduce the average delay of all drivers and passengers.

5.9.2Sensitivity analysis to CV penetration rate

In order to understand he the proposed PerSiCevetwork performs under a variety of mixture
vehicle environments of conventional vehicles and CVs, the sensitivity analysis experiments are
tested for different approaches. Figure 5.10 illustrates sensitivity test results of aveetayes

(Figure 5.10 (a), (c) and (e) for average person delays and Figure 5.11 (b), (d) and (f) for average
vehicle delays) respectively of different controls from 10% to 100% CV penetration rate with a
step of 10%. Figure 5.11 illustrates how the prombakgyorithm and benchmarking models

change with CV penetration rates (Figure 5.11 (a), (c) and (e) for average person stop and Figure
5.11 (b), (d) and (f) for average vehicle stop) assuming situations of all passenger cars. Table 5.13
Table 5.16 are hygihesis test results for average person/vehicle delays and stops in different CV

penetration rate scenarios respectively.

The plots in Figure 5.10 show similar variation trends of average person/vehicle delays among
signal controls using CV data under thteaffic flow levels. The average person/vehicle delays of
signal controls using CV data (VehSiCon and PerBi®X)rincrease as the CV penetration rate
decreases regardless of their objectives or signal plan flexibilities. The average person/vehicle
delays of the connected control methods perform worse than ILACA when the CV penetration

rate is less than 50%, and perform worse than TRANSYT when the CV penetration rate is less thar
30%. Compared t¥ehSiConthe advantage of reducing passenger delay inptugosed

algorithm is gradually reduced by reducing the CV penetration rate. This can be proved by the
hypothesis test results in Tables 5.13 and 5.14. The average person/vehicle delays of FBuSiCon
are not significantly different to those of VehSiGamen the CV penetration rate decrease to 60%
-80%. Figure 5.11, Table 5.15 and 5.16 illustrate that there are similar influences on trends of
average passenger/vehicle stops in Figure 5.10, Table 5.13 and 5.14 of all operational algorithms
under three flav levels. The reason is that the gradual absence of CVs reduces the data sources of
signal optimization algorithms using CV data, making them cannot realize the entire vehicle
situation at multiple junctions. As the CV penetration rate decreases, Veh&&&iCoBus can

only acquire part of vehicular information. The optimization outputs of their algorithms cannot
reach the perfect objective function targets minimisng person/vehicle delay. The values of

TRANSYT and ILACA remain the same as they dalyhon the information sent from CVs.
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Figure 510 Comparison of average passenger delay (s/per) and averggele delays/veh) of proposed

algorithmPerSiCofBusand benchmarking algorithmie isolated junctiorundervariety CV penetration

rates and three flow levels

Table 5.13 P-values in average person delay comparisonHerSiCotBusand three benchmarking models

in isolated junctiorin different traffic flow demands and different CV gration rates

P-values for average person delay
Flow level Low Average High
Signal TRANSYT ILACA| VehSiCorl TRANSYT ILACA| VehSiCorl TRANSYT ILACA| VehSiCor
controls
100% 0.000 |0.000| 0.004 0.000 |0.000| 0.010 0.000 |0.000| 0.003
90% 0.000 |0.000| 0.009 0.000 |0.000| 0.022 0.000 |0.000| 0.009
80% 0.000 |0.000| 0.016 0.000 |0.000| 0.024 0.000 |0.000| 0.008
70% 0.000 |0.000| 0.027 0.000 |0.000| 0.037 0.000 |0.000| 0.025
60% 0.000 |0.000| 0.069 0.000 |0418| 0.072 0.000 |0.046| 0.044
50% 0.000 |0.143| 0.082 0.000 |0.000| 0.115 0.000 |0.000| 0.735
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40% 0.000 |0.000| 0.175 0.291 |0.000| 0.893 0.375 |0.000| 0.254
30% 0.083 |0.000| 0.225 0.000 |0.000| 0.346 0.000 |0.000| 0437
20% 0.000 |0.000| 0417 0.000 |0.000| 0.842 0.000 |0.000| 0577
10% 0.000 |0.000| 0.258 0.000 |0.000| 0.618 0.000 |0.000| 0.782

Table 5.14 P-values in averageehicledelay comparison foPerSiComBusand three benchmarking models

in isolated junctiorin different traffic flow demands and different CV penetration rates

P-values for averagevehicle delay
Flow level Low Average High
Signal TRANSYTILACA| VehSiCorl TRANSYT ILACA| VehSiCor TRANSYT ILACA| VehSiCor
controls
100% 0.000 |0.000| 0.043 0.000 |0.000| 0.018 0.000 |0.000| 0.024
90% 0.000 |0.000| 0.031 0.000 |0.000| 0.029 0.000 |0.000| 0.029
80% 0.000 |0.000| 0.045 0.000 |0.000| 0.007 0.000 |0.000| 0.037
70% 0.000 |0.000| 0.058 0.000 |0.048| 0.034 0.000 |0.041| 0.054
60% 0.000 |0.046| 0.074 0.000 |0.210| 0.096 0.000 |0.067| 0.133
50% 0.000 |0.008| 0.094 0.000 |0.000| 0.085 0.000 |0.000| 0.094
40% 0.000 |0.000| 0.146 0.006 |0.000| 0.269 0.005 |0.000| 0.865
30% 0.001 |0.000| 0.325 0.000 |0.000| 0.168 0.000 |[0.000| 0644
20% 0.000 |0.000| 0.490 0.000 |0.000| 0.641 0.000 |0.000| 0.429
10% 0.000 |0.000| 0.272 0.000 |0.000| 0.658 0.000 |0.000| 0.718

From Table 5.13, PerSiGBns has significant differences in average person delay against
VehSiCon when the CV penetration rate is higher than or equal to 70% in low/average traffic flow
scenarios and 60% in high traffic flow scenarios at a 95% confitkreleTable 5.14 illustrates

that the average vehicle delays of PerSiBas and VehSiCon only have significant differences
when the CV penetration rate is higher than or equal to 80% in low traffic demand levels and 70%
in average/high demand levels. Te® 5.15 and able5.16 provide similar dynamics about the
average person/vehicle stgperformanceof these two controls. The-¥alues results for average
person delay indicate higlevel requirements of CV penetration rate for PerSiBaois to achieve

the obvious advantages of reducing average person delay,-@0% against vehicleased

control using CV data. This is because fewer CV penetration rate makes signal controllers have
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less vehicle environment realization and execute signal timing plans lesiseto the objective
functions. The signal timing plans are not optimal in PerSELmiVehSiCon so they are less likely

to achieve significant improvements in reducing average person/vehicle delays and stops.

In most cases, thperformanceof PerSiCoiBus in Table 5.18 Table 5.16 are significantly

different to those of TRANSYT and ILACA. However, there are still a few special situations where
p-values are higher than 0.05, for instance, 30% CV penetration rate compared to TRANSYT and
50% CV penetratiorate compared to ILACA in low demand level in Table 5.13. The reason is that
KPIs of PerSiCdBus increase as the CV penetration rate decreases and the rising values are very
close to the unchanged values in TRANSYT or ILACA at a CV penetrationhiateabet the

mean difference is a minor value, which leads to a largalpe as it is a critical component to

calculate pvalues.
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Figure 511 Comparison of average passengtp (numiper) and averageehicle stoplnum/veh) of
proposed algorithmPerSiCosBusand benchmarking algorithmis isolated junctiorunder variety CV

penetration rates and three flow levels
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Table 5.15 P-values in average person stop comparisonferSiCosBusand three bechmarking models

in isolated junctiorin different traffic flow demands and different CV penetration rates

P-values for average persorstop
Flow level Low Average High
Signal | TRANSYT ILACA| VehSiCorl TRANSYT ILACA| VehSiCorl TRANSYT ILACA| VehSiCor|
controls
100% 0.000 |0.000| 0.013 0.000 |0.000| 0.025 0.000 |0.000| 0.017
90% 0.000 |0.000| 0.016 0.000 |0.000| 0.031 0.000 |0.000| 0.030
80% 0.000 |0.000| 0.024 0.000 |0.000| 0.027 0.000 |0.000| 0.028
70% 0.000 |0.000| 0.037 0.000 |0.000| 0.038 0.000 |0.000| 0.044
60% 0.000 |0.015| 0.048 0.000 |0.000| 0.071 0.000 |0.040| 0537
50% 0.000 |0.000| 0.082 0.000 |0.000| 0.211 0.000 |0.000| 0.199
40% 0.000 |0.000| 0.249 0.000 |0.000| 0.376 0.000 |0.000| 0.582
30% 0.000 |0.000| 0.913 0.000 |0.000| 0.240 0.000 |0.000| 0.625
20% 0.000 |0.000| 0.190 0.000 |0.000| 0.558 0.000 |0.000| 0.817
10% 0.000 |0.000| 0.572 0.000 |0.000| 0.362 0.000 |0.000| 0.762

Table 5.16 P-values in averageehiclestop comparison foPerSiCofBusand three benchmarking models

in isolated junctiorin different traffic flow demands and different CV penetration rates

P-values for averagevehicle stop
Flow level Low Average High
Signal TRANSYTILACA| VehSiCorl TRANSYT ILACA| VehSiCorl TRANSYT ILACA| VehSiCor
controls
100% 0.000 |0.000| 0.027 0.000 |0.000| 0.047 0.000 |0.000| 0.032
90% 0.000 |0.000| 0.042 0.000 |0.000| 0.035 0.000 |0.000| 0.005
80% 0.000 |0.000| 0.039 0.000 |0.000| 0.041 0.000 |0.000| 0.012
70% 0.000 |0.000| 0.119 0.000 |0.000| 0.076 0.000 |0.036| 0.038
60% 0.000 |0.871| 0.378 0.000 |0.000| 0.213 0.000 |0.000| 0.083
50% 0.000 |0.000| 0.192 0.000 |0.000| 0.156 0.361 |0.000| 0.237
40% 0.000 |0.000| 0485 0.000 |0.003| 0.712 0.000 |0.000| 0411
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30% 0.000 |0.000| 0.283 0.000 |0.000| 0.368 0.000 |0.000| 0.394
20% 0.000 |0.000| 0423 0.000 |0.000| 0.871 0.000 |0.000| 0.347
10% 0.000 |0.000| 0.694 0.000 |0.000| 0.536 0.000 |0.000| 0514

5.9.3Changes to prediction horizons

As explained above, the suitable planning horizon for the proposed PerBif3os uncertain.

Therefore, it is essential to make a sensitivity analysis op#marmanceof the developed

approach under a group of different predictive horizons. Figure 5.12Tabte5.13 are sensitivity

test results of average person/vehicle delay and stop values in different DP prediction horizons

(10s, 20s, 30s, 40s, 50s, 60s) in diffiesdgnal control methods. Table 5.4 Table 5.20 are

hypothesis test results.

(a) Low flow level: isolated junction

(b) Low flow level: isolated junction
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Figure 512 Line charts of averageerson delays/per) and average vehicle delay (s/vesf)proposed

algorithm and benchmarking algorithnsisolated junctiorunder variety predictive horizons (s) and three

flow levels. CV penetration rate is assumed to be 100%
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Table 5.17 P-values in average person delay comparisonfferSiCosBusand three benchmarking
algorithms inisolated junctionin different traffic flow demands and different prediction horizons (100% CV

penetration rate)

P-values for average person delay

Flow level Low Average High
Signal | TRANSYT ILACA| VehSiCorf TRANSYTILACA| VehSiCorl TRANSYT ILACA| VehSiCor|
controls
10s 0.000 |0.000| 0.386 0.000 |0.000| 0.911 0.000 |0.000| 0.176
20s 0.000 |0.015| 0.013 0.000 |0.000| 0.004 0.000 |0.000| 0.006
30s 0.000 |0.000| 0.004 0.000 |0.000| 0.010 0.000 |0.000| 0.003
40s 0.000 |0.000| 0.018 0.000 |0.000| 0.019 0.000 |0.000| 0.008
50s 0.000 |0.000| 0.010 0.000 |0.000| 0.008 0.000 |0.000| 0.011
60s 0.000 |0.000| 0.014 0.000 |0.000| 0.017 0.000 |0.000| 0.021

Table 5.18 P-values in averageehicledelay comparison foPerSiCofBusand three benchmarking
algorithms in isolategunctionin different traffic flow demands and different prediction horizons (100% CV

penetration rate)

P-values for averagevehicle delay

Flow level Low Average High
Signal TRANSYTILACA| VehSiCorl TRANSYT ILACA| VehSiCorl TRANSYT ILACA| VehSiCor
controls
10s 0.000 |0.000| 0.259 0.000 |0.000| 0.397 0.000 |0.000| 0.271
20s 0.000 |0.000| 0.032 0.007 |0.000| 0.034 0.000 |0.000| 0.027
30s 0.000 |0.000| 0.043 0.000 |0.000| 0.018 0.000 |0.000| 0.024
40s 0.000 |0.000| 0.037 0.000 |0.000| 0.026 0.000 |0.000| 0.035
50s 0.000 |0.000| 0.029 0.000 |0.967| 0.015 0.000 |0643| 0.018
60s 0.000 |0421| 0.040 0.000 |0.000| 0.022 0.814 |0.000| 0.014
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Figure 513 Line charts of averageerson stop (nurtper) and average vehicle stop (num/veti) proposed

algorithm and benchmarking algorithnsisolated junctiorunder variety predictive horizons (s) and three

flow levels. CV penetration rate is assumed to be 100%

Table 5.19 P-values in average person stop comparisonPerSiCosBusand three benchmarking

algorithms in isolated junctiom different traffic flow demands and different prediction horizons (100% CV

penetration rate)

P-values for average persorstop
Flow level Low Average High
Signal TRANSYT ILACA| VehSiCorl TRANSYT ILACA| VehSiCorl TRANSYT ILACA| VehSiCor
controls
10s 0.000 |0.000| 0.095 0.000 |0.000| 0.087 0.000 |0.000| 0.213
20s 0.000 |0.000| 0.002 0.027 |0.000| 0.021 0.000 |0.000| 0.005
30s 0.000 |0.000| 0.013 0.000 |0.000| 0.025 0.000 |0.000| 0.017
40s 0.000 |0.000| 0.022 0.000 |0.000| 0.016 0.000 |0.000| 0.026
50s 0.000 |0.000| 0.016 0.000 |0.000| 0.028 0.000 |0.045| 0.013
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60s 0.000 |0.000| 0.009 0.000 |0.007| 0.031 0.036 |0.000| 0.008

Table 5.20 P-values in averageehiclestop comparison foPerSiCofBusand three benchmarking
algorithms in isolated junctiom different traffic flow demands and different prediction horizons (100% CV

penetration rate)

P-values for averagevehicle stop

Flow level Low Average High
Signal TRANSYT ILACA|VehSiCorl TRANSYT ILACA| VehSiCor TRANSYTILACA| VehSiCor|
controls
10s 0.000 |0.000| 0.096 0.000 |0.000| 0.468 0.000 |0.000| 0.104
20s 0.000 |0.000| 0.021 0.000 |0.000| 0.031 0.000 |0.000| 0.019
30s 0.000 |0.000| 0.027 0.000 |0.000| 0.047 0.000 |0.000| 0.032
40s 0.000 |0.000| 0.026 0.000 |0.000| 0.037 0.000 |0.000| 0.026
50s 0.000 |0.000| 0.012 0.000 |0.000| 0.020 0.000 |0.025| 0.017
60s 0.000 |0.288| 0.009 0.419 |0.000| 0.017 0.001 |0.000| 0.012

From Figures 5.12 and 5.13, therformanceof person/vehicle delay and stop in PerSi€Con
Bus/VehSiCon present a similar tendency. As seen in Figures 5.12 and 5.13, there is a visible
trough located at the planning duration 30s for the rolling horizon approach in the proposed
PerSiCoBus/VehSiCommheperformanceof TRANSYT and ILACA keep unchanged in different
prediction horizon scenarios as the rolling horizon approach is only adopted in PerSiCon
Bus/VehSiCon. The average person/vehicle delays and stops of PeB8&EIdahSiCon rapidly
decrease fom 10s, 20s to 30s horizon, and slightly increase from 30s to 60s duration at a step of
10s. The results indicate that setting the planning horizon too short significantly degrades the
performanceof NPerSiCoiNetwork/ PerSiCoiNetwork in terms of people'sumber of stops due

to limited signal plan choices and biased function values. The blanking periods of intergreen
interval and starup loss time occupying a considerable part of too short a planning horizon leads
to no benefits to people discharging. Tresults are heavily biased when determining the traffic
signal executions as signal schemes are generated based on the highest value function with rarely
vehicles can be discharged, regardless of effects on signal phase switching for following saturated
flows. The effects on cumulative deviation in leirge vehicle discharging prediction (40s, 50s,

60s) are comparable to less negative influences orp#réormanceof ILACA. 30s are suggested

to be selected as planning horizon and signal scheme operatasccombing objective
understanding of value function and accurate vehicle travel prediction in the group of six planning

horizon choices.
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Table 5.1% Table 5.20 indicate the similar tendency efgques of average person/vehicle delay

and stop in diffeent planning horizon plans in PerSic®ums compared to reference models.
PerSiComBus presents significant improvements against VehSiCon when the prediction horizon is
higher than or equal to 20s in all cases. However, when the prediction horizon alifighe p

values are above 0.05. The reason has been claimed above that 10s are not sufficient for
implementing optimal solutions of PerSiCBns/VehSiCon, resulting in a heavily degraded of

their performance Similar to the abnormal-palues in SectioB.9.3, there are also a few special
cases where thealues are higher than 0.05s with comparisons of TRANSYT or ILACA. For
instance, 60s prediction horizon in low demand levels in Table 5.18 when compare to ILACA. The
reason is also that the increasingean values of average delay and stop are very close to the
values in TRANSYT and ILACA in some special cases and the minor mean differences result in high

p-values.

5.9.4Changes to accumulation time weighted factors

Figures5.14 and 5.1%lustrate theperformanceof average person/vehicle delay and stop of
PerSiCoBusunder different numbers of accumulation time weighted fagtdirom 0 to 1in
Equation (). Table 5.2X; Table 5.24 are hypothesis test results of PerSiBaonand reference
models in different accumulation time weighted factoisrom Figure5.14 and 5.1%he
performanceof PerSiCoBus presena similar tendency. The average person/vehicleaglednd
stop of PerSiCoeBus/VehSiComcreaseas the weighted factdr rises.Figures5.14 and 515 (a),
(c) and (e) illustrat¢éhat the change ranges of average person delay and st®eiCotBus are
higher than those of VehSiCon.

On the contrary, tk change ranges of average vehicle delay and stop of PerBifSaare lower

than those of VehSiCon according to Figures 5.14 and 5.15 (b), (d) and (f). This is because the
PerSiComBus algorithm provides more right of ways to those low occupancy vehidlesigh
accumulation time and scarifies the crossing chances of high occupancy vehicles when the
accumulation time weighted factor is high. The changes in accumulation time weighted factor also
make negative influences the decisioraking process of VeltSin. However, the negative

influences on VehSiCon are less than those on Per&@®as all of the vehicles have the same

priority levels.
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Figure 514 Line charts of averageerson delays/per) and average vehicle delay (s/veif)proposed

algorithm and benchmarking algorithnirsisolated junctiorunder varietyaccumulation time weighted

factorsand three flow levels. CV penetration rate is assumed to be 100%

Table 5.21 P-values in average person delay comparisonHerSiCo+Busand three benchmarking

algorithms in isolated junctiom different traffic flow demands ashdifferent accumulation time weighted

factors(100% CV penetration rate)

P-values for averageperson delay
Flow level Low Average High
Signal TRANSYTILACA| VehSiCorl TRANSYT ILACA| VehSiCorl TRANSYT ILACA| VehSiCor

controls
0 0.000 |0.000| 0.000 0.000 |0.000| 0.000 0.000 |0.000| 0.000
0.1 0.000 |0.000| 0.000 0.000 |0.000| 0.001 0.000 |0.000| 0.000
0.2 0.000 |0.000| 0.002 0.000 |0.000| 0.003 0.000 |0.000| 0.002
0.3 0.000 |0.000| 0.007 0.000 |0.000| 0.012 0.000 |0.000| 0.005
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