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CHAPTER 1: INTRODUCTION

1.1 Researchrelevance and contributions

The proposed research is situated in the field of desiggmagement and
optimisation in railway network operations. Rail transport has in its favour
several specific features which make itkay factor in public tansport
management, above all in higlensity contexts. Indeed, such a system is
environmentdy friendly (reduced pollutant emissions), higérforming (high
travel speeds and low values of headways), competitive (low unitary costs per
seatkm or carried passengkm) and presesta high degree of adaptability to
intermodality. However, it manifests dhi vulnerability in the case of
breakdows. This occurs because a faulty convoy cannot be easily overtaken
and sometimesgamot be easily removetiom theline, especially in the case of
isolated systems (i.e. systems which are not integrated intoeati\e$f network)

or whena breakdown occur®n open tracksThus, re-establishing ordinary
operational conditions may require excessive amounts of time and, as a
conseguence, an inevitable increase in inconvenience (user generalised cost) for
passengers, vehmight decide to abandon the system or, if already on board, to
exclude the railway system from their choice set for the future. It follows that
developing appropriattechniques and decisisnpport tools for optimising rail
system management, both irdorary and disruption conditions, would consent

a clear influence of the modal split in favour of public transport tratefore
encourage an important reduction in the externalities caused by the use of
private transport, such as air and noise pollytitnaffic congestion and
accidents bringing clear benefits to the quality of life for both transport users

and nonusers (i.e. individuals who are not system users).

Managing to model such a complex context, based on numerous interactions
amongthe variols componentsi.e. infrastructure, signalling system, rolling
stock and timetables) is no mean feat. Moreover, in many cGafasjlamental
element, viich is theinclusionof themodellingof traveldemandeaturesn the

simulation of railway operations, is neglected. Railway transport, just as any



other transport system, is riotalised toitself, but its task is to move people or
goods around, and, therefore, a realistic and accuratéeostit analysis cannot
ignoreinvolved flowsfeatures. In particulagonsidering travetlemand into the

analysis framewdk presents a twsided effect.

Primarily, it leads to introduce elements such as convoy capacity cotsaadh

the assessment of dwell times as fdependent faors which make the
simulation as close as possible to the reafyecifically, the former allowgo

take into account the eventuality thabt all passengers cdroard the first
arriving train, but only a part of themdue to overcrowded conditiongjith a
consequent increase in waiting times. Due consideration of this factor is
fundamental because, if it were to be repeated, it would make a further
contribution top a s s e n g e r s Whiled assegards the estimate of dwell
times on the basis of flasy it becomes fundamental in the planning phase. In
fact, estimating dwell times as fixed values, ideally equal for all runs and all
stations, can induce differences between actual and planned operations, with a
subsequent deterioration in system perforoea hus, neglecting these aspects,
above all in crowded contexts, would render the simulatiistorted,both in
terms of costs and benefits

The secondspect, on the other hand, concethe correct assessment of effects

of the grategies put in placdoth inplanning phase(strategic decisions such as

the realisition ofa new infrastructure, the improvement of the current signalling
system or the purchasing of new rolling stock) and in operational phases
(operational decisions such as the definitioh imtervention strategies for
addressing disruption conditions). In fact, in the management of failures, to date,
there are operational procedures which are based on hypothetical times for
re-establishing ordinary conditions, estimated by the train dovdyy the staff

of the operation centrevho, generally, tend to minimesthe impact exclusively
fromthecompany 6s poi n tatiom df operatienal casts), rathemi s
than from thestandpointof passengers. Additionally, in the definition of

intervention strategies, passenger flow and its variation in time (different



temporal intervals) and space (different points in the railway netvaoelcarely
considered. It appes obvious, therefore, othe proposed reexamination of

the dispatching and rescheduling tasks in a passengetated perspective,
should be accompanied by the development of estimation and forecasting
techniques for travel demand, aimed at correctly taking into account the
peculiarities of tle railway system; as well d&y the generation add-hoctools
designed to simulate the behaviour of passengers in the various phases of the trip
(turnstile access, transfer from the turnstiles to the platform, waiting on platform,

boardng and alighting processtc.).

The latestworkstreamin this present study concerns the analysis of the energy
problems associatet rail transport. This is closely linked to whatshso far
been described. Indeeth order to implement proper energyisa policies, it

is, above all, necessary to obtain a reliable estimate ohvioésed operational
times (recovery times, invemi times, buffer timegsetc). Moreover, as the
adoption of ecalriving strategies generates an increase in passenger travel
times, with everything that this involves, it is important to investigate the

tradeoff between energy efficiency and increase in user generalised costs.

Within this framework the present study aina providinga DSS (Decision
Support §sten) for all phasesof planning and management kil transport
systens, from that of timetabling to dispatching and rescheduling, also
consideringspaetime travel demand variability as well #ise definition of
suitableenergysaving policies, by adopting a passergeentated perspective.

Therefore, theprovidedcontributions can be outlined as follows.

1 Creatinga dynamic database representing a decisiaking tool for
assisting dispatchers imandlingboth ordinary ad disruption conditions.
In particular,for each possible intervention strategy, related or not to a
specific failure event, suctlatabase provides the identification and the
quantification of relevant impacts on each part of the analysed system. In
thisway, dispatchers can be fully aware of the consequences of their own

decisions and, thus, face the perturbed conditions in an appropriate



manrer, never opting again for then-intervention strategymoreover,
response times can be made comparable withtirea rescheduling
approaches, without, however, the computational effort they require.
Developing an analytical framework which allows an accurate estimation
of operational times within timetable as a support tool for the
implementation of ecdriving strategies. Indeed, such policies imply an
increase in travel times and, therefore, result feasible exclusively in the
event of extra time rates available, which have to be suitably aéekign
during the timetabling process.

Defining a simulatiorbased methodogy for computing dwell times as
flow-dependent factors, rather than as fixed values. This task is
fundamental in order to design a robust timetable, with a high degree of
resilience to delays, and grows in importance in overcrowded contexts.
Indeed, thedynamic interaction between rail service and passengers
flows, which occurs on the inface platformtrain, gives rise¢o the so
called snowball effect the number of passengers on the platform
influences the dwell times of trains at stations, which nase delays;
these, in turn, produce an increase in headways which generates more
passenger flows on the platform providing a further extension of dwell
times and, therefore, additional delays. In particular, two different
boarding behavioural patternse(i.FIFO and RIFO) are modelled and
compared in terms of effects on rail service and passenger satisfaction.
Customising travel demand estimation and forecasting techniques
proposed irthe literature to the specific features of rail transpoetated

to the discontinuous fruition in space and time which it offers. The
relevance of this lies in the fact thagch planning task, both in the case
of short and long term policies, requires an estimationneblved

passenger flows as input information.



1.2 Thesisoutline

This sectionprovides a brief foreword to each chapter of the presented work.

Chapter 2 is focused on the literary review of research fields of concern.
Specifically, the commhensive nature of the proposapproach gives rise to

the necesty of investigating a wide range of operational issues related to
planning and management tasks in rail transport. Therefore, after a general
analysis of simulation and optimisation models adopted for transportation
systems, a focus on such techniqueshie case of rail systems is provided.
Additionally, both simulation and optimisation algorithms are described.
Moreover, the estimation and forecasting techniques for travel demand are
evaluated, with the aim of adapting them to the peculiarities of ysiems.
Finally, an analysis of the main issues related to the application of energy
savings policies in the rail field is given, with a focus on the existiegp
relationship between edtriving strategies and operational parameters within
the planned thetable.

Chapter 3 describes th#evelopeddecision support tooWwhich is basedon
suitable simulation models, properly integratetb ian optimisation layout. In
particular, it is possible to define a basic simulation structure which is improved
and mademore accurate by means of the development of methodological
frameworks enabling the modelling of crucial operational facteteh as
stochasticity of rail operationshe interaction between rail service and travel
demand as well as energy saving issuesThe adopted perspective is
passengecentric which means that the goal is to improve service quality so as
to drive the modal split towards systems basedailway technology which is

sustainable and higperforming.

Chapter 4 aims at pointing out thdestiveness of th@roposed methodology

by applying it to real network contexts. particular, most of the presented
applications are focused on metro systems which, generally, operate in
high-density conditions andrequently have to address overcrowded situations.

Therefore, in such circumstances, the necessity of properly modelling the



interaction between rail service and trlagemand, as well as the need for
ensuring a certain service quality, grow in importance. The decasestudy is
represented by a regional rail line, with the aim of showing the capacity of the
proposed approach of dealing with different network contexts. Clearly, the
differences between the two analysed systems have been duly taken into
account. Inded, a metro service is affected by urban user flows, while a regional
network has to deal with exttaban(i.e. rural)trips; moreover, the former are
frequencybased, while the latter operates according to specific dep&atrval

times at each statiatictated by the planned timetable.

Finally, concluding remarks and research peass are provided in chapter 5.



CHAPTER 2: LITERARY REVIEW

The proposed framework for managing railweystems is characterised by
simulationoptimisation integratedppoach and, therefore, in this chapter both
simulation and optimisation models presentedtha literature, with related
resolutions methods, are investigated. In particular, after an analysis concerning
trarsportation systems in generaldeepening afailway contexts is carried out.
Moreover, given the crucial role played in this work by the travel demand,
related estimation techniques are assessed with the ainstofmigng them to

the railway case. Finally, environmental issuelative to railway ystems are
describedwith particular attention to energy saving strategies involving the
design of ecalriving profiles and the adjustment of operational times withé

plannedimetable.

2.1 Simulation models for transport systems

Transport systems areade up of physical and orgaai®nal elements which
interact with each other to produce transport opportunities and satisfy travel
demand which, in turn, is the result of the interactions among the various social
and economic actities localised in a specific area.

Mathematical models concerning transport systems atinsimulating the
interaction between demand flows asdpply performancgeboth for existing
contexs (operational phase) amgpothetical ong(planning phase)lrherefore,

such models, and théifferent techniques which they make use of, are
fundamentatools for the assessment and/or design of interventions cangern
physical (e.g. a new railway line) and/or functional elements & new railway
timetable)of a transport syster\ccording to the analysed context, the elements
considered relevant to the problem are identified and these, together with their
reciprocal interactions, make up thealysis systemwhile, the remaining is
known as theexternal enviromentand it is taken into account solely due to its
relationship with the analysis system. Therefore, the transport system in a certain

area can be seen as a subset of a wider territorial system with which it strongly



interacts. Schematically, as shown Gwscetta (2009), st modelling can be

summarised according the following phases:

1. delimitation of thestudy area

2. zoning consisting in theubdivision of thestudyarea into traffic zones

3. definition of the base network consisting in the identificationof
relevanttransporinfrastru¢ures and services

4. development of th&ransporisupply model
development of th&raveldemand model

6. implementation of simulation models reproducing the interaction
between suply and demandkeatures.

In particular, the first three phases listed are preliminamhe¢odevelopment of

the entiredemand and supply models, since they define the spatial delimitation

of the analysed system and the level of disaggregation to whicloltbeing

assessments will be referred.

2.1.1Delimitation of the study area

The study area is the geographic area including the transportation system which
is involved in the planned measures and the elements which are aftesthed

by the projectlndeed, the analysis cannot be focused in the sole area where the
planned measures will be carried out, but must concern a much wider area
including the other elements which will inevitably be influenced by the effects
of the modifcations on the analysed transport syst@imerefore, it has to be

properly designed. The limit of the study area is usually indicated aard¢he

cordonor boundary
2.1.2Zoning
Model | i ng us sthedéfinitiorr of tjlp departwegand the elestination

locatiors. Obviously, trips which occur in a given area can start and end in a
very high number of points on thertitory; therefore, for allowing their
simulation it is necessary to subdivide the study area into a fmiaber of

geographic units known asaffic zones



In particular, a traffic zone represents a portion of the territory with homogenous
features in relation to the activities, the accessibility, the infrastrscaunc the
transport services. Trips betwe&no different zones are namedter-zonal

trips, while intra-zonaltrips are those starting and ending within the same traffic

zZone.

To each zone is associatadictitious node namedcentroid which represents
the actial starting and terminal poiof trips beginning or ending in each traffic
zone.In such representation, intenal tripsstart and end in the same point
and therefore, they are nasimulated on the network.Moreover, external
centroids are positioned on the intersections betwertooand the considered
infrastructures and services. Through thehe trips from and towards the

external zonesnteing, leavingandcrossinghe study areaare modelled.

Zoning clearly depends on the scale of the problem under study and, in
particula, on the features of trips to be simulated. Thus, according to the diverse
level of detail, a traffic zone may include a building, a set of buildings,
neighbourhoods, towns, regions or a whole courtiycourse, the denser the
zoning, the more exact thepresentation of the real system, but, at the same
time, the grear the computational complexityfHowever, there are some

guiding principles for the identification of traffic zones which are listed below.

Firstly, it is worth pointing out that traffic n@s are generally obtained as
aggregations of administrative territorial units (e.g. census sections,
municipalities or provinces), in order to be able to carry out the
sociceconomic statistical ata related to each zone, such @opulation or
employment. Moreover, physical geographic separators (rivers, railway line
sections etc) are usually used as zone borders because they imply different
accessibility conditions to the infrastructures and transport services. Finally, in
the definition of be limits of the traffic zones, it is desirable to aggregate areas
which perform in a homogeneous manner in terms oflesad(e.g. residentiar
commercial zones in urban areas or rural municipalities in-exiran areas) and

accessibility to transpottian facilities.



2.1.3Relevant infrastructures and services

Regarding phase 3, the definition of the base network (which can be monomodal

or multimodal) occurs bgelecting the relevant supply elements.

The relevant infrastructuseand transport services are identified on the basis of
their role in connectinghe traffic zones in the study area and the external zones.
This implies amutualdependence betweé¢he zoning phasandthe definition

of the base networlfigure 2.1). Basically, since intraonal trips are neglected,

the supply elements related to journeys between two places belonging to the
same traffic zone are omitteor) the contrary, supply elements which are needed
to connect two places belonging to different zones are taken into account, clearly

according to the addressed scale problem.

O Zone centroid
e External centroid

Cens. Section boundary
== Zone boundary
~— Basic Road Network

[ Railway line

Figure2.1Zoning and base netwlo(source: Cascetta, 2009)

After these preliminary phases, it is possible to build the supply and demand

models whose interaction igeplicaed by means of thessignment models
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2.1.4The supply model

Regarding the supplyepresentation, it is charactextsby a topalgical and an

analytical model.

The former is based on the use of the graph theory (Hauptmann, 2&@8ll,
1980; Potts and Oliver, 197Radtke and Watson, 200 In particular, as shown
by Hansen and Pac{2008), a valuedrgph can be defed as follows:

G:=(V,Ec) (2.7)
whereV (i.e., Vertex) is the set of nodds(i.e. Edges) is the set of links aads
the weighted function:

ce)20 el E (2.2
Moreoverrs ome definitions ar e pdirected ,deidf:
adjacent nodes are linked by at least one connectigh tiae direction is
indicated byan arsimpl@&@;, &é&f the graph does

| o o p sconaettdd ,6 iardy twb nodes of the graplinks exist connecting

the node.

Specifically, in a graph illustrating a transport network, the nodes correspond to

noteworthy events and each link represents a phase of the trip;, &hile

succession of consecutive links cornimeg the origin and destination nodes
identifies a path. Two fundamental quantities are aasmtito each link and

path, whichare flows and costs.

tawa r

not c

Obviously, the features of the graph and the quantities associated to each

element vary according to thepty of transportation system to be analysed. In

particular, it is possible to distinguish:

1 continuous servicesavailable at every instant in time and accessible

from any spatial point. Typical examples are individual modes which use

road systems (cars, noobikes, bicycles, pedestrian).

1 discontinuous or scheduled servicasailable only in some instances in

time and accessible only in given spatial points. Examples of such

systems are scheduled services (bus, train, plane) which can be used only

11



between teminals (i.e. stops, stations, airports etc.) and are available
only in certain instances, according to the planned timetable.

In the first case, nodes are locatisat the intersections between road segments
or in correspondence of particularbignificant variations in the geometric
and/or functional features of a single road segment, such as changes in road
section or in terms of slope. ibks, generally correspondd the connections
between nodeallowed by the road circulation rules. In this case, real links can
representfor instanceroad segments, while fictitious links can simulate waiting
phenomena at intersections or toll pay barriers.

Regarding cost items to be considered, it is worthtpag out that the term cost,
generally used with the meaning of an exclusively monetary nature, in the
economy of transport represents a linear combination ofhigeimnd attributes
which definesthe level of performance of the element to which it is esased

or, in other words, the general impedance perceived by the users on a particular
trip. It is known asuser generalised cast

Therefore, in the case of continuous services, typaigsof user generalised
cost are running time, waiting tine intersectionsand monete cost, generally
correspondingo the fuel consumption and tolls, if any.

On the other hand, for discontinuous services, it is necessary to naitbes
distinction according to the system features and absumptionsabout user
choice behaviour.

In the case of services withhégh frequencye.g. one run ever§-15 minutes)
andlow regularity; it is usuallyassumedhat user does not choose a specific run,
but rather a service line (i.e. a set of runs characterized by the sanmealgerm
same stations and same performance) or a group of lines.

Therefore, the implemented graph is thecatbedline graph depicted in figure

2.2 whose elements are:

1 access nodesepresenting the arrival of the user at the stop;

1 stopnodesor diversion nodesrepresenting the boarding of a vehicle;

12



line nodesyepresenting the arrivand departure of vehicles of a given

line at a given stop;
access linksepresenting access trips between access nodes;
waiting links,representing the waiting at the stop;

boarding and alighting links;epresenting boarding and alighting process
from the vehicles of a line;

ontboard links,representing the trip from one stop to another of the same
line;

dwelling links,representing vehicle dwelling at the stop.

LINE GRAPH

QO Pedestrian node O---->»---Q Pedestrian link

Diversion node O——>—W Waiting link
O Line node l—————0 Boarding link
O—--—»—--— On-board link

O——————1 Dwelling link

o——— Alighting link

Figure2.2Line graph for urban transit systems (source: Cas@i9)
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In such a graphin the case of railway transport, a real node can iderfofy
instance,a level crossing or a statiomhile, a fictitious node can represent a
diversion point (i.e. where the user decides what train line to choose). Equally, a
link can represent real elements, such as a rail section, or fictitious elements
such as the waiting time afuser on glatform.

Conseguently, the aliquots of user cost to be taken into account afieoand

travel times, dwell times at gis, waiting times, boardingiighting times and
access/egress timegich generally correspond to walking or driving time for
reaching a point (bothni spatial and temporal terms) where the service is
available.

On the contrary, services withHaw frequencyandhigh regularityimply that the

user chooses a specific run, with its own features. In this case, the assumption of
within-day stationarydoes ot hold, thus, it is necessary to deal with inprariod
dynamic systems. Therefore, a more compleplytaas to be adopted, known as
run graphor diachronic graphwhere, in order to simulaggassengebehaviour

in an appropriate manneit is necessary to introduce additional information
such aglesired departure and arrival times.

In order to clarify the existing correlations between the involved variables, the
following notatiors are introduced:

f is thelink flow vector, whose dimension i&, 3 1) with n_ numberof links

in the network and whose generic element is the ffpanlink | .

h is the path flow vector, whose dimension {&,31) with n, number of

paths in the network and whose generic element is theHjoon path k .

c is thelink costvector,whose dimension ifn, 3 1) with n_ number oflinks

in the network and whose generic element is the gosh link | .

g is thepathcost vector, whose dimension(is, 3 1) with n, numberof paths

in the network and whose generic element is the gpsin path k.

14



In particular, costs related to a path caraliditive or noradditive: an additive

path cost can be obtained by summing the costs related to the links included in
the path (e.g. oboard time); on the contrary, a nadditive path cost is
independent on cost values of each link (e.g. waiting timstagds for high
frequency transit systems). For the sake of simplicity, theadlolitive path costs

will be neglected in the following discussion.

:
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Figure2.3Link and path flows (source: Cascetta, 2009)
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The analytical modelling ohe ransportation supply systeis based on the set
of equations described below.
Firstly, the network loading or (static) flow propagation modegéfines the

relationship among link and path flows (see fig2u®:

f=oth 2.3

where g represents thknk-path incidence matriwhose dimension i¢n 3 n,).
It is a binary matrix in which the generic elemefjtis equal to 1, if the link

belongs to patk (I k), and0 otherwise [ k).

Then, we have thknk performance modgekxpressed by means of the so called
cost functionswhich albw to takeinto account the phenomenon of congestion,
according to which the performance of a link depends on the involved flows.
c=c(f) (2.9
Examples of performance attributes affected by congestioroadetravel times

or alighting/boarding times on platform in the case of a transit system. On the
contrary, a parameter unaffected by the phenomenon of congestiotbhozwh
time. Indeed, the time required for a train to travel between two stations is
independent of the number of passengers which atmard.

Moreover, if a link cost is influenced exclusively by the flow on the link itself,
the related function cost is definedsaparable

a(f)=q(f) (25

On the other hand, if the link cost is influenced by the flow on the link itself and
also by flows on other links, the related cost function is defined as
nonseparable

A separable cost function that representingfor instancethe waiting ime at
signalised intersectionswhile, an exampleof nonseparable cost function
concers thedwell timeof abus ora train at stops, sincedepend on the flows

on three different links: boarding, alighting andlmward flows.

In the literature several cost fuctions have been proposed: for urban road links
(Festa and Nuzzolo, 1989), for extreban road links (HCM, 2000), for

modelling waiting times at signal controlled intersections (Webster, 1958;

16



Webster and Cobbe, 1966), for tbHrrier links (Kleinrock,1975; Newell,
1971) and parking links (Bifulco 1993). An example of a cost function

concerning transit system can be found in Bouzakyai et al. (1998).
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Figure2.4Link and pathcoss (source: Cascetta, 2009)
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Finally, the path performance modekonnects the performance of single
elements (links) with those of whole paths between any edegstination pair
(see figure2.4):

g=c (2.6)
By combining equation2(3), (2.4) and @.6), the following relation is obtained:
9= dc(qh) 2.7

which represents the mathematical formulation of the supply model.

2.1.5The demand model

As stated by Cascetta (2009), the transportation demand model can be defined as
a mathematical relationship associgtthe average values of demand flows with
their relevant characteristics to a given activity and transportation supply system.
It can be expressed by means of the following analytical formulation:

dyo KL Ky, K, | =d(SET, B) (2.9
where d,, is the average travel demand flow between zoaeand d;

K.,K,,....K, are the relevant characteristics @f, flow; SE is the vector of

socioceconomic variablesT is the vector of levebf-service attributes of the

transportation supply systenf) is the vector of parameters to be properly

calibrated.

This formulation expresses the fact that travel demand arises from the necessity
to move in order to perform activities in different placeShe estimation
techniques for demand flows will be described in detadaragrapi2.3, while,

the following will be restricted to giving some fundamental notions, regarding
the analytical representation of travel demand, which are preliminary to the

description of assignment odlels.

Both spatiband temporal dimensions @favel demand play an important role.
The spatial characterization is based on a matrix type representation, depicted in
figure 2.5, which is known agheorigin-destination matriXO-D matrix).
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Figure2.5Trip types and their identification in the-D matrix (source: Cascetta, 2009)
It is a squarén x n) matrix withn number of zones identified in the zoning phase.

The generic elementl,, provides the number of trips made in the reference

period from origin zone to destination zond (i.e. O-D flow).
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By summing the elements of the raoy it is possible to compute the flow
emitted by zone:

do("): a dod (29)
d

By summing, instead, the elements of the coluinihis possible to compute the

flow attracted by zond:
d(B = a. dod (21@

Finally, by summing all the elements of theDOmatrix it is possible to obtain

the total number of trips performed in the study area in the reference interval:
do=a & o (2.1])
o d

Moreover, the GD matrix can besubdivided into different submatrices,

according to the type of involved trips:

1. internal trips the origin and destination zones are both inside the study
area; in particular, as already pointed out, the trips which atal end in the
same zone are defined as irt@nal and are neglected in the analysis.

2. exchange tripsthe origin and destination zones are one within and the

other without the study area or vigersa.

3. crossing tripsthe origin and destination ¢rips are both external the study

area.

Furthermoreregarding the temporal dimension, two different approaches can be
adopted, according to the assumption witra-period stationarity or

intra-period dynamicsnade.

Traditional planningmodels generallyadopt the first hypothesis, according to
which demand flows are constant for a sufficiently lengthy period of time to
enable the analysed system to reach a ststadg conditionf(gure 2.6a). On the
other hand, by adopting the irp&riod dynamics approach, the time variability

of travel demand is explicitly simulated by introducing as many
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O-D matrices as the time intervals in which the analys®é period has been
subdivided intofijgure 2.6b).

Therefore, in this case, the generic enttfq represents the number of trips
from origino to destinatiord in the time periodh.

Veic/h
g

origin

Veic/h
8B

H=hy+h+....+ hy

Figure2.6 Static case (a) and dynamic case (b) in tHe @atrix representation

(source:Nigro, 2009)

Cleary, this implies a major computational complexity, but alltavevercome
several limits othe static simulation, which isadequate to explicitly represent

the capaity limits on the network angrovide irformation on the propagation of
congestiorphenomena

Moreover, as will be shown in paragragh3 the intraperiod dynamics
assumptions have a key role in the adjustment process @-ihanatrix by
means of aggregated data as traffic counts.
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Besides the origHulestination pair dd) and the simulated perioch)( other
relevant features famodellingdemand flows are: the purpose of the #i.g.
homework trips, workshopping trips), thenode adopted during the tnp (e.qg.

car, bus, bicycle) and the route used for the kigi.e. a series of links
connecting the considered origilestination pair)Moreover, if relevant for the
analysis, also socieconomic features of usersuch as ioome group or
driving-license holding can be taken into account. In this casdifferent
homogeneous user groups (i.e. user categories) are identified and the generic

user category is denoted by

Thereforeequation(2.8) becomes:
d'oa[s,n,mk|=d(SET) (2.12

This formulation implies four different choice dimensions: if performing or not
the trip (i.e. trip generation model), which destination to reach (i.e. trip
distribution model), with which mode (i.e. modal split model) and through
which route (i.e. routehomice model). Generally, these choice dimensions are
modelled by means of thmandom utility theoryandthe traditional approach for
computing travel demand is based on the adoption of toalka partial share
model For an exhaustive discussiocancerning these models, the existing wide
literature can be referred to (see, for instance,-Bdaa and Lerman, 1985;
Cascetta, 2009; Domencich and McFadden,1975); while, below, the analytical

formulation of demand model is described.

In particular, itcan be outlined in aggregate form as:
h=P(-g)@ 1" g (213

where S, is the set of feasible path flows ait] is thepath choice probabilities

matrix, with a column for eacD pair and a row for each pakh The generic
entryk,odis given byp[k/od] if pathk connects th€©D pair, otherwise it is null.
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As will be described in théollowing, the chaacterisation of such amatrix,
according to the path choideehaviourassumptias, plays a key role in the

assignment models.

2.1.6The assignment models

Assignment models reproduce supglgmand interactions anallow the
evaluationof systemperformance byproviding thebasis for every technical
assessment. These models can be classified according to the following
assumptions:

1. dependence of link performance variables on floifslink costs are

independent of flowghe network is definedncongestedotherwise we have a
congestedhetwork and an equilibrium problem where it is necessary to find
configurations in which demand, path, and link flows are mutually consistent
with the costs that theyniply.

2. path choice behaviourdeterministic choice models assume thabet

perceived utity of a path is deterministiand all users choose a minimum cost
alternative; whilestochastiachoice models assume that the perceived utility of a
path is a random variable.

3. dependence of O flows on pathcosts if demand flows are independent

of cost variations due to network congestion we hagiel demand models;
otherwisethe demand models are defineceéesstic

By combining these assumptions it is possible to obtain different assignment
models:

A Determinstic Uncongested Network (DUN)

A Stochastic Uncongested Network (SUN)

A Deterministic User Equilibrium (DUE)

A Stochastic User Equilibrium (SUE)

Their mathematil formulatiors areset out below.

In the case oDeterministic Uncongested Netwaksignment models, link costs

do not depend on flows and the perceived utility of a path is assumed as
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deterministic. The mathematical formulation of this assignment model can be

obtained by combining equatio(&3), (2.6) and .13, as follows:
foun = foun (C’d): q;CP(‘ B Q)@ IS (d) "c (2.19
where S; is the set of feasible link flows, which can be obtained by thesset

of the feasible path flows by means of equat@&B)(
Given the deterministic characterisation of the path choice model, the generic

element of e link-path incidence matrixp(k / od), is expressed as follows:

FZ 0 if pathkis theminimum costpath

p(k/ od)=|
=0 otherwise
with
a pl(k/od)=1

ki Kog

On the other hand, in the caseSibchastic Uncongested Netwaksgnment
models, the assumption d¢fie dependence of link costs on flows link is the
same, but the path choiogodel is assumed as stochastic:

fan = fo(cd)= aP(- B @)@ 1 s(d) " c (219

This implies that, nominally, the mathematical expression does not change as
shown by equatio2.15; however the link-path incidence matrix is no longer
binary. Indeed, since the stochastic choice path model assumes that the
perceived utity of a path is a random variable, the generic element has to be
calculated by means of random utility models such fas instance,the
Multinomial Logit model (BepAkiva and Lerman, 1985; Domencich and
McFadden, 1975) dhe Probit model (Daganzo argheffi, 1977).

The Multinomial Logit modelis one of the most widely used random utility
models, since it has the great advantage of being able to be expressed in a closed
form. However, its property known asndependence from irrelevant
alternatives in some contexts, could provide an overestimation of choice
probabilities, by leading to unrealistic results. This is due to the assumption on

the independence of random residuals, according to which similar paths
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(i.e. paths made up ¢iie same linksn a rdevant par} are perceiveas distinct

by the decisiormaker

A first extension to the Multinomial Logit model, which allows partially
overcone the assumption of independent random residumsispreserving the
closed form, is theNested Logit mode{Daly and Zachary, 1978Williams,
1977). Specifically, it canconsiderdifferent levels of interdependenegnong
groupsof alternativegi.e. nests)n a choice set; the alternatives belonging to the
same subset are intended as perceived in a similar wéyebyecisioamaker

and, thereforetheypresent anonzerocovariance among their random residuals.
As a consequence, the variafumvariance matrix of random residuals has a
block diagonal structure in which the covariance between each pair of
alternatives belonging to the same group is constamiile the covariance
between alternatives belongi to different groups is nullAnother model
developed for overcoming the drawback of the Multinonhiagit model, by
maintainingthe closed form, is the one prgeal by Cascetta et al. (1996),
known asC-logit. It is based on the introduction otammonality factowhich
reduces the systematic utility of a patbcording toits degree boverlapping

with other pathsAdditionally, very recently, Papola et al. (ZQlhave proposed

the so calledCoNL route choice modeilvhose cdf is defined as a finite mixture

of different Nested Logit cdfs. Thereby, such a model is characterised by
closedform expressions for choice probabilities, covariances and elasticities;
moreover, it enables a very flexible correlation pattern.

By leaving the models belonging to the Logit class, it is worth mentioning the
Probit model(Daganzo, 1979; Horowitz et al., 1982; Langdon, 1984) by means
of which unbiased estimates of path choice pbiliies, and of the
corresponding path flows, can be obtained by using a Monte Carlo sampling
technigue of paths random residuals. Therefore, it does not present a
closedform formulation; however, in response & nore complex analytical
tractability, offers a more realistic evaluation of choice probabilities and gets
over most of the drawbacks of the Logit model and its generalizations.
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By moving to the equilibrium models, it is necessary to take into account the
circular dependence between flows arabts. In particular, the equilibrium
configuration of the system is a condition whereby demand, path, and link flows
are mutually consistentith the costs that they induce.

In the case oDeterministic User Equilibriumassignment models, link costs
depend on flows and the perceived utility of a path is assumed as deterministic.
The latter implies some mathematical complications due to the fact that the
demand model is expressed by a-tmenany map and, therefore, pdlbws are

not uniquely defined. For this reason, the properties of deterministic equilibrium
are usually studied by means of indirect formulations calledational

inequality model¢Dafermos, 1980; Smith, 1979), expressed as follows:
o(foue) @f - foue)20 " f1 S(d) (2.19
Sufficient conditions for the existence and uniqueness of deterministic flows
foue are assured respectively by tbentinuity and monotonicityof the cost
functions.

In particular, the variational inequality probleth16) has at least one solution if

t he conditions of t he Brouwer 0s t heor
i.e. cost functions are continuous and defined in the compact and convex
nonempty set of link flowsS; .

The variational inequality pblem @.16 has at most one solution if cost
functions are strictly monotone increasing functionshia set of feasible link

flows S; :

[c(f)- c(f)] (F- £)>0 " ', 1 S,(d) (2.17)
In fact, under thesassumptiongsit is possible to demonstrate, by means of a
reductio ad absurdum, that two distinct equilibrium flow vectbgg. cannot

co-exist. To be precise, these conditions are able to guarantee the uniqueness of

link costsc, e and path costg, . at the equilibrium, respectively by means of

equations Z.4) and @.6. However, the same cannot be stated ftre

equilibrium path flows, sire different path flow vectors might exist associated
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with the same link flow vector3.hough, this is not matter of concern, since the
final assignment objective is to carry out link attributes (e.g. link flows) so as to
be able to derive network perfornwnand, thus, path flows are considered only

as a measito achieve that

Finally, in the case dbtochastic User Equilibriurassignment models, link costs
depend on flows and the perceived utility of a path is assumed as stochastic. The
mathematical formuaition of this assignment model can be obtained by
combining equation$2.3), (2.4), (2.6) and @.13, and results in dixed-point
problemin which it is necessary to find a flow vector that reproduces itself on
the basis of the correspondence defined by the supply and demand models.

foue= Foulol faue)d)= (- f @5, ))@ 1 S,(d)" ¢ (2.19

Sincein this case, as already mentioned, the perceived utility of a path is a
random variable, for calculating the elements of the-fiath incidence matrix it

IS necessary to rely on suitable random utility models.

At this point it is worth clarifying the progrties of fixedpoint problems.

In general, the existence and uniqueness of the solution of a fixed point problem
are assured by conditions of Banachos
enables the specification of an asyotgally convergent algorithm. However,

since only a limited class of functions meets these requirements, in the following

we will refer to weaker conditions andlearly, to the specific case under
examination.

The fixed point problem 218 has at least one solution if stochastic
uncongested network assignment functién= fSUN(c,d) and cost functions
c:c(f) arecontinuous. In particular, the property of the continuity is assured

by the Brouwer 6s theorem (Brouwer, 1912

The fixed point problem 218 has at most one solution if stochastic

uncongested network assignment functidn= fSUN(C,d) IS nonincreasing

monotone with respect to the link costs and cost functions(f ) are strictly

increasing over the set of feasible linkvils. Sufficient condition so that cost
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functions a@e strictly monotone is thaladc(f )] is positive definite over the set

of feasible link flowssS; .

The conditions of existence and uniqueness of link flolyg., guarantegin

turn, the uniqueness of link costs at the equilibriagy:, which can be obtained

in correspondete with equilibrium link flowsby means of equation2{).
Moreover, as opposed to tBeJE case, by means of equato@.3) and .13,

it can be stated that these properties of existence and unigqueness are valid also
for path costs and flows.

A recap of the described modelsét out in tabl@.1

PATH CHOICE MODEL

Deterministic Stochastic
Uncongested DUN SUN
network
Congested DUE SUE
network

Table2.1 Assignment models classification (source: Cascetta, 2009)

For the sake of completeness, it is worth pointing out that in the case of the
equilibrium models, it can be meaningful to implement an elastic demand
assignment which assies that demand flows depend on congestion costs (i.e.
path costs resulting from congestion). Clearly, by adopting the assumption of the
elasticity of demand, the degree of complexity arises angbarticular two
different methods can be adopted: an rimd or an external approach (for
further insights, see Cantarella et al., 2015; Cascetta, 2009).

Although the providedliscussion concerningssignment models represents the
bedrock forany kind of assessment relatedransportation systems, it wgorth
specifying that it isnot exhaustive. More complex assignment models are, for
instance, assignment models with -pip/enroute path choice, relevant in

public transport systems with high frequency and low reliability conditions. In
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particular, in his case, we are talking about trip strategies (i.e. hyperpath)
characterised by the fact that-eute choices are made during the trip itself at
each diversion node where different lines are available. For further inseght
Nguyen and Pallottino (19836Nuzzolo et al. (2002), and Spiess and Florian
(1989). Other aspects which have been addresstw literature are multiuser
class assignment and elastic demand (Cantarella, 1997)xmuadtl assignment
(D6 Aci er n g 20&l, systedm.optimalsBigh@ent models (Mahmassani
and Peeta, 1995), intggeriod (within day) dynamics models (Békiva et al.,
1984; Cascetta, 2009), intperiod (dayto-day) dynamics assignment
(Cantarella and Cascetta, 1995).

2.2 Rail simulation models

As shown by Montella et al. (2000), both in the design phase and in the
management phase, it is necessaryely on suitable simulation techniques,
which allow to identify the effects of any intervention, befobeing put into
practice, so as to give adeqjuate support to the decision making process. The
railway simulation models proposedtime literature can be classified according

to different criteria. A first criterion concerns the level of detail adopted for the
representation of the network and lles the distinction among macroscopic,

microscopic and mesoscopic models.

Macroscopicrail models describe the network by meani a graph whose nodes
indicate the various stations amdhose linksusually define the frequency and

the travel times of thearious trains. The main adrtages of macro approaches

lie in the fact that a limited set of input data and a low computational effort are
required. This makes them able to deal with Iesige networks in a reasonable
computation time andtherefore they are usually implemented in planning
phases to carry out strategic evaluations related to different infrastructure
scenarios oto solve routing problems which consistthe definition of train

paths without time restrictions. On the other hand, the degree of detall
adopted in the network representation affects the accuracy of results. Indeed, it

usually contains a notably inferior number of nodes and links compared to the
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microscopic model and considers infrastructure in a more abstract manner. This
implies the inability of these model® reproduce some aspects such a
signalling equipment instafld and layout of station track#herefore,they are
incapable for instance,to detect train conflictsor to provide a reliable

estimation of runningrnes

Microscopicrail models, by contrast, portray the networks in great detail. They
take into account information concerning tracks (e.g. the number, the length and
the alignment of the block sections, speed, gradient), features of the signalling
system (&g. signal position, release points, permissive occupancy), layout of
stations (e.g. number of tracks, length of platforms, shunting yards, points,
vehicle depots), characteristics of the rolling stock (e.g. acceleration/deceleration
features, tractive/effo diagram, total and adherence load), operational
information (e.g. departure/arrival times, routes, alternative platforms, timing
points, dwell times, connections between runs) as well as safety conditions. The
variation of each attribute leads to theation of a new node and, therefore,
necessarily of a new link. Such a modelling of the infrastructure can be used for
operational needs such as calculating travel times, performing timetable,
detecting probable train conflicts, addressing disruptionsitons and testing
rescheduling strategies. Therefore, they provide very accurate resitistabe
necessity of collectinga large amount of data and the neefl a high

computational effort.

Mesoscopicraill models represent an intermediate approdetween the
macrosopic and microscopic models gndence they are described at this
stage. They simulate the performance of the network at an aggregate level, by
using aggregate variables such as capacity, flow and densaffjic, therefore,

is represeted by convoy packets with identical characteristics (ceetsbim,
routing behaviour, etcwhich propagate on the netwoikhe main advantage of
such models concerns the miniatisn of the effort necessary for the
representation of complex problems. éed, they allowto focus only on the
effectively relevant elements and neglfttors which, on the contrary, are not
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pertinentto the true aim of the studyrhis permitsa simplified simulation of
articulatel contextsin order to respond to both strategind tactical needs.

Hereafter, various softwangackagesand tools implementing these models are

described.

A first example of macrsimulation model iISNEMO (Network Evaluation
MOde), which has been developed by Sewcyk and Kettner (2001) for
supporting the planning phase. Indeedaicompute arising costs and earnings
for different scenariothusallowing a comparison between them on the basis of

an economic evaluation.

Traffic model FT Traffic model PT

F eight Passane A
L\Lr' L|L‘r ¢ —
|
umier of reine i netuork Y NuTher af irains'n Retwork

Infrastructure model

‘ Determination of baitienecks

W

» Evaluation of economic efficiency +—————

Figure2.7 NEMO model (source: Sewcyk and Kettner, 2001)

NEMO is composed of four different modules (figi2€): the infrastructure
module in which the railway network is stored as a tmkented graph, thiavo

traffic moduleswhich treat separately the case of passengers and freight, and the
evaluation moduleln particular, the two traffic modules have a very similar
layout since both of them compute the traffic volume and perform the route
searchas well asthe evaluation of train composition. However, in the case of
passengershe model analyses the traffic relations by dividing traffic according

to different destination regienand assigning it to the network; on the other

31



hand, in the case of freight, the traffic volume is assigned to production systems
by taking into account threavailable capacity. Therefore, traffic volume and
train composition are combined for obtaininge ttotal infrastructure load for
each considered time slice. Finally, the evaluation module derives costs and
earnings on the basis of computed tsaotemand and load of infrastructyses

well as of previousy fixed quantities such as earnings for a @iv transport

serviceandcoss of infrastructure andolling stock
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Figure2.8 SIMONEframework (source: Middelkoop and Bouwman, 2001)

Another macresimulation model iISSIMONE (Simulation of MOdel NEtwojk
developed by Middelkoop anBouwman (2001), whse possible applications
regardstrategic planning decisions (e.g. the possibility to bailtkw railway
infrastructure or the allocation of network capacity to train operating companies)
and the assessment of the stability and rolesstrof timetablesAs shown in
figure 2.8, SIMONE presents a quite complex architecture. The core of the
model is thelncontrol Centrewhich represnts the simulation environment
where all informations collected, processed and reworked in a comprehensive
view. Other crucial elements are represented byAtmematic Model Generator
and thelnfra and Timetable Database Interfacke particular, the drmer can

generate a simulation model without usdemention, on the basis tie set of
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modesk stored in theSimulation Library the latter allows the model to interface
with the DONS database (i.e. the database of the Dutch railway network).
Therefore, this modulean by combining data from DONS database related to
infrastructure, timetable and travel demargknerateautomatically cyclic
timetables. Finally, it is wortlquotingthe presence of two specificodules for
managing the outpuwhich are theOutput Generatgraimed at producing the
outcome and theOutput Analyser and Managersedfor analysing the results
related to thedifferent examind scenarios and comparirigem in terms of

impacts on the system.

Among macresimulation softwargackagesit is worth citing alsoTransCAD

which is a commercial GIS (GeographInformation System) software
specifically developed for trasportation analysis. Indeed, besidgraphic
elements and related databases, it holds transportation network modelling skills
by means of which it is able to simulate the supply and demand features of a
certain transport system and their interactiolms particular, it canperfom
different trafic assignment procedures suchs anultrmodal toll road
assignment, origin user equilibrium, pditased assignment, mufioint
equilibrium assignment, combined distributiassignment, assignment with
traffic signals and HCM intersection delay well aslynamicequilibrium traffic

assgnment.

Boute Systemn Toolbo: [Foute System]

,o 8
X|. o 4l Al A% 0§

Figure2.9 Toolbox for transit networks

Specifically, railway lines are treated by the software as transit lines and their
representation is carried out by means ofRloate System Toolbdgfgure 2.9).
In this way it is possible to model the line with its route and stops and,

additionally, assciate to itrelevantfeatures such @ headway and capagity
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which are tored in the related tibase. Wo different kind of stop can be set

up, namely:

1 physical stopndicating the physical presence of a statrere different
lines can stop;

1 route stopassociating to a particular rail service line.

Then, network representation can be completeth \additional links (e.qg.
pedestrian links, connectors) or nodes (e.g. centroids), by characterising them

with the related attributes which a@ved in the associated dataview

After the implementation of the transit network, a matrix of passenger flows
betweenorigin and destination locationsan be uploaed and the transit
assignment can be performed. The output is a specific databas€rdnsit
flows) which provides link levels and aggregate ridership statistics at every stop
along eachroute such § for instance, boarding and alighting counts,

stopto-stop flows andouteto-route transfers.

An example of transit network representation by means of TransCAD is shown

in figure2.10
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Figure2.10Transit network representation in TransCAD (source: weallipercom)

On the other hand, among the misitmulation modelsit is worth mentioning
the softwareRailySis developed by Radke and Bendfeldt (2001). It is essentially

aimed at simulating different operational scenarios and comparing them in terms
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of timetable. For this purpose, a very detailed modelling of delaysrisrmed
by properly taking into account their stochastic nature. The structure of the

model is shown in figre2.11
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Figure2.11RailSysarchitecture (source: Radke and Bendfeldt, 2001)

First of all, the infrastructure data have to be implemented by mefaas
dedicated editor. Then, tbedata are used by the modul@gnamisandSimu++
which interact with each other, as well as widispo++, for carrying out a
feasible timetable. In particular, the interacti@among the three above
mentionedmodules consists in the following steps: first of @Yinamis on the
basis of infrastructure ¢tk and vehicle features, computes running times which
are transferred to th®imu++; then the latter derives a first attempt timetable, on
the basis of whiclDispo++ provides the vehicle roster. At this poiSimu++
detects eventual inconsistencies betwametable and vehicle allocations (e.g.
unfeasible connection times and di#fat transit tracks in stations for some
trains), if any, and rransfers the new timetable Rispo++, until a feasible
conditionis reached. Finally, all feasible timetablenéigurations obtained are
evaluated and compared with each other, in terms of stability, by the

Performance Evaluator.
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In the following, other two micr@imulation softwargackagesare described:
OpenTrack(Huerlimann, 2001; Nash and Huerlimann, 2004) BGTRAINT
Environment for the design and simulaTion of RAllway Netw(ksglietta,

2011; Quaglietta and Punzo, 2013), whose structures are depicted respectively in

figures2.12and2.13
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As can be seen, they are built on a very similar architeethreh isbased on

different modulesproviding input data, a simulation coaad several possible
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outputs to be carried outThe input modules provide data concerning
infrastructure, signallingystems, stations, rolling stock and planned timetable

which are modell@ with a high degree of detail.

In particular,in order to represenhe motion ofrail convoys in the most realistic

way, OpenTrackadopts the sagalled colongraph or double vertexagaph In

such a grapheach node can be crossed if and only if both vertexes of the node
are crossed and this allevio obtain a valid representation of the network,
especially in the case of pointsoreover,it follows a hierarchical structure
which dictates to carry out specific elements in a given order, that is block
sections, routes by connecting contiguous sections, itineraries by connecting
contiguous routes, runs by combining an itinerary with a specific kind of train
and a specific departure/mal time and, finally, the planned timetable made up

of all runs on duty. Regarding the simulation core, this software performs a
mixed discrete/continuous simulation proceg#ich calculates both the
continuous numerical solution of the differential matiequations for the trains,

by means of the Eulerds method (Butcher
signal box states and delay distributions. Furthermore, it presents a very
userfriendly GUI (Graphical User Interfaceyhich displays the infrastature as

a doublevertex graphtogether withthe animation of trains along their route,
and offers the possibility of visualising intactive messages and measurement
tools during the simulatiorEGTRAIN, by contrast, does not provide any GUI
(the interfee with the user is constituted by a simple @i Console window)

and performs a timdiscrete simulation (i.e. the clock goes ahead with discrete
time where each time instainis obtained as the sum of the previous time iristan

t- 1 and the defined time steft :t =t- 1+ ).

Finally, both simulation tools providesimilar outputs: train motion diagrams
(speeddistance, speetime, distancgime trajectories)pccupation times of ralil
sections (in botmumerical and graphical format); track conflicssatistics, such
as the percentage of dejad trains at a certain station attte overall train

punctuality (fixing a certain delayhteshold);energy consumption diagrams
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(electrical or mechanical powdime diagrams, electrical or mechanical
energyspace diagrams)However, these softwar@ackagesare aimed at
simulating exclusively train service, without considering its interactions with
travel demand, whose influenceshan impact on the estimation of dwell times
to be implemented in the simulated timetaMereover, t is worth noing that,
while OperTrack is a commercial software whose code is clearly unknown
since it works as a bladikox, EGTRAIN is a software dewged for research
purposes inNC++ language and, therefore, offers the possibility of developing
new functions and performing interactions with other models in a very simple

way.

By moving to the class of mesoscopic maddlis worth citing the contribudin

of Quaglietta et al. (2011)xoncerning the development ah evendriven
multi-train simulation model which has been implemented by means of the
Stochastic Activity NetworkKSANS3 formalism (Meyer et al., 1985; Movaghar
and Meyer, 1984)Specifically, as shown by Sanders and Meyer (20ANs

can be considered a stochastariant of Petri nets developed for dealing with
non functioral properties of a system such #s performability. Indeed, this
mesoscopic model aims to perforrRAMSanalysis (ENELEC, 1999, so as to
assess global effects of breakdowns on rail service and simulate strategic
operations for restablishing ordinary service conditions (engpvinga broken

train to the depot and substitutirigvith a spare). The computational efficiency

of this model is due to the fact that only main evesighas modifications in
signal aspectsr train arrivals/departures from sectiof@nts and stationsare
taken into accountwhile, events relativeto train aceleration/deceleration

phases are neglected.

Moreover, Marinov and Viegas (2011) developed a mesoscopic model for
simulating freight train operations in a rail network, by means of the
eventbased simulation computer pack&enuB which adops a decomposition
approach. In particular, itonsists in separating the whole systerno iits

components (i.e. rail lines, rail yards, rail stations, rail terminals and junctions)
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and capturing the interactions existing among them by modelling the nedwork
an interconnected queuing systeso as to preserve the global perspedtivine
estimation of operatingerformanceMore in detail rail freight terminals are
modelled by means ofWork Centresand Storage Areas which are
interconnected by means &Vork Flow Arrowsrepresenting the routing of
trains. Specifically, Work Centregi.e. where a freight train is served by a
component of the rail system)mulatethe operating procedures in the case of
freight trains and the related attributes are inbound traffic, service pattern and
outbound traffic. The service times in Work Centres are set up equal to the dwell
terminal times of freight trains. On the other hand, Storage Areas replicate the
waiting phase of a freight train which holds on to be processea ¢txyymponent

of the network. Their control parametsrrepresented by the capacity. Finally,

in order to simulate the departure and arrival pastefreach work item, i.e. a
freight train, Work Enty Points and Work Exit Pointsare introduced in the
modelling framework.Network performance ismeasured by means of the
following indexes: total number of freight trains processed by a given Work
Centre, number of freight trains in a given Storage Ageaping (waiting) time

per freight train on average for tperiod of the experiment, utiasion levels of

the rail network subcomponents autidisation rates of system resources.

Finally, De Fabris et al. (2013) proposed a mesoscopic network model for
addressing the timetabling design problem. In particular, this model is
implemented in the tool TPSWwhich is able to iteratively generate different
timetables, in a reasonable timgy as to performthe cyclic optimisation

procedure depicted in figu14

Approaches aimed at transforming a micro model into a macro one and vice
versa are possible. In particular, as shown by Hansen and Pachl (2008), the
derivation of a macroscopic model from a microscopic framework is known as
bottomup approach; whilethe top-down approach can be used for generating
artificial microscopic infrastructure wheslevel of detail depends on the

addressed problem and the analysed perspective.
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Clearly, the botimrup approach is the most usathce it is straightforward to

be implementednasmuch the final model requirésss information thn the
starting one. In this contexEickmann et al. (2003) developed a particular
interfaceenablingdata migration between Railsys and NEMO modeth the

aim of supporting the generation @ conflictfree timetable. Moreover,
Schlecthe et al. (2011) derived a macroscopic framework by starting from a
microscopic model, implemented in OpenTrack, fored®ining conflictfree

track allocations. In particular, the transformation occurs by means of the
aggregation of block sections and stataweastogether withthe introduction of
Qseudenode® whi ch r epl i o amoagdiffefer convoys.eir act i 0|
addition, after having derived the macroscopic model from the microscopic one,
the proposed procedure combines them with each other in orderdatgahe

solutions carried out.

Indeed, several contributions tine literature arranged framewabkasedon the
combination of two different approacheso as to be able to exploit the

advantageof both of then and overtake their drawbacks.
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Generally, macro e micro approaches are merged togethemdireed in an
iterative manner.In this context,Be ¢ i nei \al (2015), developed a
micro-macro framework for timetable design which consists in performing an
iterative adjustment of train running and minimum headway timgk the aim

of determining a feasible timetable and, in addition, analysing its stability and
robustness features. Moreover, Middelkoop (2010) illustrated the tool
ROBERTbhased on a microscopic representation of the network, whose outputs
(i.,e. runningand headway times) are used as ispiar the macroscopic
timetabling model DON$Kroon et al., 2009).

In the meanwhilg a first attempt of combining mesoscopic and microscopic
modek was rmade by Quaglietta et al. (201With the aim ofcarrying out a
stochastic analysiin a rescheduling frameworlore in detai) the ideaconsists
in exploitng the major computational efficiency of a mesoscopic model for
performing millions of ordinary service simulations and, only when a failure
occuss, bringing into play the microscopic simulator é. EGTRAIN) so as to

derive a more accurate and focused analysis.

Another classification criterion is thémplemented processg technique,
according to which it is possible to distinguish betwesymchromus and
asynchronous simulation models. In particularsynchronous approaches
simulate the events as they occur in reality; therefore, a chronological
progression is followed, with no chance of retogito previous states. Hence,

this kind of simulatiorfollows aneventdriven approaclandis generallyapplied

to evaluate network performancey taking into account interactioreanong
trains. In asynchronous models, on the other hand, the convoys are simulated
according to the class of priority, which means that the simulation is divided
into more stepon the basis of particular principle which is related to the
category the trains belong to: the trains belonging to the higher categories are
firstly simulated andtherefore they are not affected by the interactions with
other convoys; then, progressively, trains belonging to other categories are
processed, until the service is completely simulated. A typical application of
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such a hierarchical procedure is the constructioa bimetable in the planning
phase Examples of synchronous commercial simulation tools, begigeabove
mentioned OpenTrack and Railsys, are: VISION and RAILPLAN developed in
the United Kingdom, FALKO and TRANSIT distributed by Siemens and
RAILSIM commaercialised by Berkley Simulation Software in the US2n the
other hand examples of asynchronous models are BABSI (Groger, 2002) and
STRESI (Bwultze, 1985), both developed e RWTH Aachen University in

Germany.

Finally, according to theassumptionson the distribution of the involved
parameters, it is possible to distinguish betwdeterministicand stochastic
simulation models. The deterministic case deals with parameters characterised
by a seady value equal ttheir average, which means that depafanrival

times, dwell times, travel times etc. are constant. On the other hand, in the case
of stochastic simulations, involved parameters are considered as random
variables and, therefore, they are modelled by means of their probability density
function (pdf), as well as the mean and the standard deviation of the pdf itself.
Generally, deterministic modelare implemented in desigphases, while
stochastic ones are most suitable for evaluating network performance (e.g.
robustness of timetables, stabiliggainst disturbance, impacts of cgtewnal
strategies), since they betteeflect the actual conditiondvlany types of
software, such as the abernentioned OpenTrack and EGTRAIN, can perform
both deterministic and stochastic simulatiogBpecifically EGTRAIN allowsto
simulate stochastic delays and failuregjile, OpenTrack is able to take into
account stochasticity of train performance, dwell time and delays by performing

a set of simulations by randomly changing input parameters.

2.3 Estimation techniques for travel demand flows

In order to carry out accurate resuiig means ofimulationframeworks, the
explicit modelling of travel demand has a fundamental role. Indeleel, t
reconstruction, estimation and prediction of travel deinéHazelton, 2001)

represent a key factor to be addressed in any kind of assessment regarding
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transportation systems, so as to optimise both planning and management phases.
Therdore, the issue of estimatinfavel demandin terms of current and
potentid or expected passger flowswith related characteristics (i.e. departure

and arrival stations, adopted time slot, trip duration, ,et@y always been

subject of attention itheliterature.

In particular, three different methods can be adopted in order to perform this
task: direct estimation(see, for instance, Brog and Ampt, 1982; Ortuzar and
Willumsen, 2011; Smith 1979)isaggregated estimatiofsee, for instance,
BenAkiva and Lerman, 198 Domencich and McFadden, 1975; Horowitz,
1981; Manski and McFadden, 198M;0 vka let al., 2014), andggregated
estimation(see, for instance, Bera and Rao, 2011; Barcelo and Montero, 2015;
Cascettaand Nguyen1988 Cipriani et al. 2014)

Direct estimaibn enablego reconstruct exclusively the present demand, without
any capacity for future prediction. Strictly speaking, théD Qnatrix is not
directly observable in its entiretyn fact, given the huge quantity of data to be
collected, carrying out a nsus would not be economicaltipableeven if, in
certain instances, technically feasible. Thus, actually, direct estimation consists
in making use of sampling techniques together with inferential statistics methods
for extending the information content @sample to the whole analysed syste
Different kinds of surveys may be carried out suclomboard surveygalso
named ascordon surveysif aimed at estimatingthe crossing demand)
households surveydestination surveyand €mail surveysAdditionally, in the

last years, given the espential growth in the field of informatio and
communication technologyfurther survey methods have been develpped
namely CAPI (Computer Assisted Personal Interviewing), CATI (Computer
Assisted Telephone Interviewing) and CAWI (Computer Assisted Web
Interviewing). However, whatever the adopted approach, as shown by Cascetta
(2009), a preparatory design phase of the survey is required, which consists in
the definition first of all, of the sampling uniand the sampling strategy, which

could generally ba simple random sampling,stratified random samplingr a
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cluster sampling.Then, according to the adopted sampling method, it is

necessary to set up the sample size andgtimator to be applied.

In the case, however, that the request arises for a certain predictive capacity, it is
necessary to make use ofdsaggregate estimian of the GD matrix which
consists in specifying (i.e. providing the functional form and related variables),
calibrating (i.e. determining numerical values of model parameters) and
validating (i.e. verifying the ability of the model to reproduce original data), by
means of proper information, a model which manages to reproduce the
variations in travel demand as a resultnebdifications totransport system
performance or socieconomic changes. In this case, two different survey
approaches can be implementetthe revealed preferencéRP) approach
(Cascetta, 2009) which is based tire use of data related to reahveller
behaviour; and thestated preference(SP approach (see, for instance,
BenAkiva and Morikawa, 1990; Ortuzar, 1992), which is based on the
statements of travellerselated to their potential choices the case of a
hypottetical scenario, whichas tobe appropriately described and illustrated in
order to make user declarations as reliable as possible. With the use of this
second approackhe predictive capabilities of the calibrated demand models can
be improvedHence, once the functional formulation bétmodeltogether with

the types of attributes to be considerae specified it is necessary to carry out

the calibration phasky means of whicla numerical value is associated to each
involved parameterGenerally,in order to calibrate alisaggregate demand
mode| the Maximum Likelihood(ML) methodis performed. This approach
consists in calculating numerical values of the unknown parameters by

maximising the probability of observing the choices made by a saofiplsers.
The formulation © the likelihood function L@ under the assumption of a

simple random samplingg the following:

Lod)=0,, ,Plii]dx .bd) (2.19
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where b and d are the vectors of the model parametep%[j(i)] is the
probability that each user chooses the alternativg(i); j(i) is the alternative
actually chosen by the individuak, is the vector of the explanatory variables

for the user .

Therefore, by maximising equatid¢@.19), or its natural logarithm, it is possible

to carry out the maximum likelihood estimate of the veavbthe parametersh

and d. Lastly, a validatio phase with proper statistical tests has to be

performed.

Finally, the aggregate estimatiorof travel demand indicatea correction
procedure of the @ matrix which consists in updating a previously known
matrix, through aggregate type dasach as traffic countsn order to improve
its reliability and guarantee an accurate assessment of the sststeisin the
forecasting phasenlthis context, it is worth notg that, in contrast to the
sample surveys which are complex and expensiventsorequire inferior cost

and can be obtained automatically.

This approach is expressed by Cascetta and Nguyen (1988) in terms of an

optimisation problem:

d :argmiqzog zl(x,§)+ zz(v(x), E) E]j (2.20

wherex is the unknown demand vecto@; is a prior estimate demand vector

which is considered the target demand vectfx) is the vector of link flows

obtained by assigning the demand vectdo the network; E is the vector of

detected link flows.

The aim is to obtain a matrixl which is as close as possible to the prior
estimate, and thabnce assigned to the network,able to reproduce link flows

as close as possible to those detected. Therefore, this procedure can be
considered as the inverse assignment problem (figutg. Indeed in the

assignment process, starting from the knowledge of supply, demand and the
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model which regulates path choice, link flows on the netwoekdefinedon the
contrary,in the estimation of th&®-D matrix, starting from the dected link
flows, together with the knowledge of suppiyd path choice mods| the

computatiorof demand igperforned.

The importance of the presence of a prior estimate demand \Edies in the
fact that, since the number of OD pairs is generally much higher than the number

of detected link flows, withoutsuch a vectqrthe problem would result
intrinsically undetermined.

Network model Path choice
model
( ASSIGNMENT ]
0-D demand Calculated link
flows
Network model Path choice
model

O-D estimation

Measured
O-D demand link flows

Figure2.15Relationship betweeastimation of GD flows with traffic counts and traffic
assignmengsource: Cascetta, 2009)

In the case of congested netwarkhe estimation problem @D matrix can be
formulated as a fixegoint problem or, alternatively, by means of aleiel
optimisation framework. In this second approach, the upper level represents the
estimation problem, while the lower level addresses the network assignment
problem. In paticular, Cascetta and Postorino (2001) proposed different

fixed-point algorithms for congested networks. On the other hand, contributions
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related to the bievel optimisation methodology are, for instance, those of
Florian and Chen (1995), Yang and Ya@h995), and, more recently, Lu et al.
(2013), and Walpena et al. (2015) which address&lJ& assignment; while

Lo and Chan (2003), Wang et al. (2016), and Yang et al. (2001) dealt with a
SUEapproach.

At this point, it is worth addressing the definitiohfunctions 21((} and 22( in
equation 2.20), which represent goodness of fit measures and can be expressed
by means of different estimators. In particular, for the static approach, we can
have:

1 Maximum Likelihood (Bell, 1983; Maher, 983; Cascetta and Nguyen,
1988);
Generalized_east Squares (Cascetta, 1984);

1 Bayesian (Maher, 1983).

A complete overview othe features and statistigadinciplesof suchestimators
can be found in Cascetta (2009).

By moving towithin-day dynamiaontexts, whee travel demand varies within
thereference time period, the matrix representation consigtcertain number

of matricesthey areas many as the temporal intervals into which the reference
period has been subdivided. Timroductionof a time dimensioneadsto two
different estimation approachesamelysequential and simultaneous, &as\wsn

by Cascetta et al. (1993h order to describe such approaches, let the total study
period H be divided inton, intervals h (with h=1....n,) of equal lenghfT,

so thatH =n, 0 .

In particular, thesimultaneougstimation can be specified as follows:
(d; ..d;h): argmir]xl_xnh)Qo[zl(xl...xnh El&h)+ zz(vl...\/nh E.E )] (2.2

The aim is to identify matricesl, ...d, , for eachinterval h into which the

reference time periodd i s spl it which minimise the
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between the unknown demand vectots.. X, andthe abovementionedprior
estimate demand vecton%...gnh; and on the other sidebetweenthe flow

vectorsy,...v, (obtained by assignindemand vectors X,...x, to the network)

n

and the traffic counts vectorf... F—nh_

While, in the casef sequentiakstimation, occurs:

-

d, = argmir;ﬂhzo[zl(xnh & )+ zz(vnh (xm‘di "d;h,l)’ Enh )] (2.22

In this context one matrix at a time is identified, starting from the first temporal
interval and proceeding until the ultimate, maintaining the previously calculated

matrices fixed time after time.

Generally, conversely to a simultaneous approach which is usuallyeddimpt
off-line estimations, the sequential approach can be used fdmeon
applications. Indeed, it provides a lower computational complexity, by splitting
the addressed problem into different gubblems which are easier to analyse
and, thus, the matr estimated for each time slice can be used as estimation

input for the following time period. On the other hand, however, it presents the
drawback of consideringfor each demandvector d;, limited information
consistingin traffic counts associated exclusively with the same interval to
which is referred(i.e. Eh). Therefore, in order to rectify this aspect, different
contributions based on the adoption of Kalman filtering methodoldues

been proposed (see, for instance, Ashok and -B&iva 1993; Okutani and
Stephanades, 1984).

While, regarding the simultaneous approach with the adoption of an assignment
matrix, as shown by Bierlaire and Crittin (2004), Cascetta and Russo (1997), and
Toledo etal. (2003), it turns out to have a prohibitive computational complexity,
even in the case of mediusize networksTherefore, in order to deal with more
feasible computational times agndt the same time, adopt a simultaneous

approachwhich is the most stable from a conceptual point of view, several
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nonassignment based metholds dynamic @D matrix estimation have been
developedWithin this framework after pioneering works by Cremer and Keller
(1981), Cremer and Keller (1984, 1987), and Nihan aasisD(1987, 1989),
more recentcontributions proposk the adoptionof evolutionary methods
(Appiah and Rilett, 2010; Kattan and Abdulhai, 2012, 2011; Kim et al., 2001;
Park and Zhu, 2007; Tsekeris et al., 2007), simulating annealing techniques
(Stathopoulosand Tekeris 2004), Bee Colony Optinaison (Caggiani et al.,
2012) probe vehicl es, 20)tard artifibidl Ateligencen o et
approaches (De Luca and Gallo, 2017; Huang et al., 2013; Kattan and Abdulhai,
2006). Other assignment matfbee methods are provided by Balakrishna et al.
(2008) and Cipriani et al. (2011) which address the simultaneousradpisofa
dynamic traffic demand matrigy means of gradientapproximation approach
representing a variant of the Simultaneous Perturbation Stochastic
Approximation (SPSA) path search optimi®n method proposed by Spall
(1992; 1998)Furthervariantsof the SPSA approach are-BPSA proposed by

Lu et al. (2015) and Antoniou et al. (2015), anéBRSA presented by
Tympakianaki et al. (2015). Similarly, Toledo and Kolechkina (2013) prapose

a method based on the use of linear approximations afsfignmat matrix in

the optimistion iterations and te=d several specific solution algorithmghich

differ in the search direction.

On completion of the abovementioned contributionsegarding bottstatic and
dynamic frameworg it is worth citing the work byCascetta et al. (2013)
proposinga GLSbased withirday dynamic estimator which provides room for
significant improvemeist of the unknowns/equations ratidhanks to a
quastdynamic approach based on the intuitive assumption of considering
distribution raes as constant within a wider time interval compared to the

within-day variation of the generation rates.

Another point, strictly related to these aggregated estimation techniques, is the
Network Sensor Location ProblefNSLBP which addresses the relatgbrip
between survey costs and estimation accuracy (Bao et al., 2016; Chung, 2001;
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Ehlert et al., 2006; Fei et al., 2007; Shao et al., 2016; Simonelli et al., 2012;
Yang and Zhou, 1998). Basically, it consists in identifying the optimal location
(i.e. the bcation which maximises the information content) under a budget
constraint (i.e. a given number of count sectiona)th the advance of
Information and Communications Technologies (ICih) addition to traffic
counts, also other kinds of data sources have been implemented towaary
reliable estimation of @ matrix, such as GPS data (MoreMatias et al.,
2016), video recordings (Savrasovs and Pticina, 2017) and npdlulee data
(Tolouei et al.2016).

However, in the case of railway systems, it is fundamental to take into account
some specific issues due to the intrinsic features of the addressed context. First

of all, the flows of concern are related to the number of passengers, rather than
theamount of vehicles. That gives rigea first issue to be faced, concerning the

kind of passenger flows to be considered, such as flows at turnstiles, boarding or
alighting flows, waiting flows and ehoard flows.This results in aspatial
problemrelated o 6wheredé to detect passengers.
the turnstiles is selected, the measurement would be affected by an uncertainty
about the direction of the trip. Alternativelyould be possibléo acquire data

from a single gate, butn such circumstances, might not be possible to know

how many passengers are not ablédardthe train because of overcrowding.

While, such information could be obtained by camg out the counts on
platforms.In addition b this a temporalproblemshould betaken into account

which lies in the difficulty of identifying g@roperreference time interval, given

the fact that rail service is a scheduled service. It is this very discontinuity which
makes counting at the turnstiles susceptible to a cediagnee of uncertainty

due to the gap between the time of reg
moment they reach the platforifherefore, it appears clear that it is necessary to

opportunely design the data acquisition presmrding to théarget

As already stated,ifferently from the sample surveys which are complex and

expensive, counts are cheaper to carry out and can be obtained automatically.
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The use of automatic devices makes the detection task as easier and more
efficient; howeveyrit is nad immune to incidents. First of all, ihight happen

that, because of alevice failure, there could be effects on the entire
measurement. A typical situation in which this could happen is if the target is to
reconstruct the distribution of the passengers on the platform by carrying out
counts at each gate. Indeed, in this case, dletector of a single gate was
damaged, this would make also the counts of the other gates as useless,
invalidating the measurement for the whole platform. Other issues to be taken
into account are the presence of exchange points between two lines sordgin
contexts, also the possibility of evasion.

However,in theliterature a large part of contributions related to the detection of
passengers flows in railway contexts are essentially based on the use of
e-ticketing and atomatic fare collection systestandneglect these matte(see,

for instance, Gavriilidou et al., 2017; Nagy, 2016; Tavassoli et al., 2017; Zhao et
al., 2007) Therefore, starting from the aboveentioned aggregatestimation
techniques othe O-D matrix, which are considered acquirég the literature

from a conceptual point of view, this work aimas customsing them to the
railway caseby developing resolution methodsitably designed for satisfying

specific requirements related to the intrinsituna ofsuchatransport system.

2.4 Simulation algorithms

After the analysis of assignment models and their properties of existedce an
uniqueness, in thisection,related resolution methods are described. For this
purpose, it is necessary to provide some basic conebpi# the structure of
shortest path algorithmssince they are used as swlitine within assignment
proceduresTherefore, their computational efficiency is an important factor to be

evaluated.

Since applications relative to transportation network assemt require the
determination of the shortest path only among centroids, rathemathangall
the possible pairs of nodes, the case of concern is the correspondence

oneto-many: from an origin centroid to all the network nodesfarward
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shortest paths or from all the network nodes to a destination centraid
(backward shortest paths

Suchmethods are based on the iterative updating of a tentative shortest path tree,
by means of thepplication of theBellman principle(Bellman, 1958), which
states thaa shortest path is made up of shortest paths

Let,
G =, 2 0 be the cost on link=, j);

Z; 2 0 be the cost of the shortest path between any pair of nades.

Hence, if the Iink(i : j) belongs to the shortest path betweeamdd, then

otherwise
Zo,i +C|j +Zj,d 2 Zo,d '
They stop when no further updates can be performed.

Furthermore, according to the adopted nlistemanagement strategy, these
algorithms can be classified liabelsettingandlabelcorrectingmethods. In the

first casethe noddist adopts an increasing order and nodes are made definitive
in order of inceasing shortest path cost. On the other hand, label correcting
algorithms do not require an ordered ndide and cannot guarantee that each
node will be examined once. Moreover, in this case, all tentative values become
definitive only at the end of thalgorithm. Examples of label setting and label
correcting algorithms are respectivebjjkstra (Dijkstra, 1959) and.-deque
(Pape, 1974). Clearly, the best ever algorithm does not existremndfore it is
necessary to select which is better to use casgby-case basis, according to

the specific context under examination.

Within the assignment modelewe can have different criteria for analysing the
available paths. First of all, it is possible to take into account all feasible paths

(exhaustive apprazh) or only those which meet specific conditiorseléctive
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approach). Moreover, they can adopt amplicit or implicit path enumeration. In
many cases, because of the large number of paths involved, an explicit approach
is not feasible and the implicit emeration is preferred. The convenience of
adopting this method, which overrides the definition of path features, lies in the
fact that, actually, the ultimate aim of assignment is obtaining link attributes so
as to calculate the network performance,ahds paths are considered only a

meansof reaching this target.

After these general considerationswhat follows we will proceed to analyse
the most frequently used algorithms in the case ofmsents models described
in paragrapt2.1

Deterministic Uncongested Networkodels are solved by means of a very
simple procedure known &l or Nothingwhich, according to the result die
implementedshortest path algorithm, assign®r each OD pair, the total
demand flow to the links belonging to the shortest paith no flow to all other
links. This algorithm can be based on a simultaneous or a&esgguapproach.
Obviously, the former is more efficient but, in this case, an algorithm with

ordering is required for shortest path trees to each destination.

Regardinghe Stochastic Uncongested Netwamainly two different algorithms
have been proposedhe Dial algorithm (Dial, 1971) which is based oa

Multinomial Logit path choice modelnd theMonteCarloalgorithm (Sheffi and
Powel, 1982) which is based @ Probit path choice modeTherefore, they
differ in the speification of path choice modehlowever both arebased on an

implicit path enumeration.

In particular, theDial algorithm adoptsa selective approach which considers as
belonging to the set of relevant paths only éffecient paths with respect to the
origins, which aremade up of liks | = (i, j), termedefficient links such that the
cost of the shortest path to reach the initial npélem the origino, is inferior to

the cost of the shortest path to reach the final npday Z,; <Z,; (Cascetta,

2009).As anefficiencycriterion it is possible also to definefficient paths with
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respect to the destinatioms efficient paths with respect to both the origin and
the destinationFor the sake of simplicity, only the casedfficient paths with
respect to the originwill be consideredThe definition of an efficient path can

be carried out by associating to the links the cost or any other positive attribute,
such as the length or the zero flow cost. The adoption of quanttéch are
independent of congestion is relevant when a stochastic network loading
function is used for the definition of a stochastic user equilibrium model as it
guarantees the sufficient condition for the uniqueness of the equilibriumastate

well asfor the convergence of the stochastic equilibrium algorithms.

By using he weltknown Multinomial Logit model, the probabilityp,,, of

choosing a generic patt) belonging to the sekK,, of paths which connect the

origin-destination paiod, is given by

— eXF(' gk/q) 22
& exd- gc /q) =2

KT Kog

pod,k

where g, and g, are the costs associated respectively to the pathns k ;069

is a parameter of the model to be calibrated.

By expressing path costs as a function of link costs, according teeléteon

(2.6), the previous equation can bewatten as follows:

C) exp(— o /q)
— L)k
bak = 0 (2.24
Poax =8 expl- g, 19)
KT Kog

If each path is considered as a sequence of npdasd links (i,j), the
probability p,,, can be expressed as the product of the probabilities,
Pr((i,j)/ j], to choose each lin§, j) belonging to the patk, conditional upon

the crossing of the final nodlgi.e.:

Poax = O Pr[(i. i)/ i] (2.29

(i) k
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The formulation(2.25) is the equivalent t¢2.24) if the probability Pr[(i,j)/ j]
of choosingthe link (i, j), conditional on the final nodg is defined with a

Multinomial Logit model of paramete in which the alternatives are the

efficient links (i,j) incident to nodg (i.e. all the efficient links entering nogle
and the systematic utility of each alternatMg; is the sum of the opposite of
the link costc; and of a logsum variabl®,, synthetically takingnto account

the utilities of all the efficient pathfrom the origino to the initial noda of the
link.

Therefore, under these assumptiortse probability Pr[(i,j)/ j] can be
expressed by thelegion between the weight difik (i, j), indicated byw; , and
the weight of nodg indicated by, :
W
Prii,j)/ j|=— 2.2
[6.3)7i1=, (2.26

J

The weight of a generic Iinl(i,j) can be calculated on the basis of the cost of

the link and the weight of the initial nodeas follows:

gexpl- ¢, / g)an if Z,, <Z,,

W, =

(2.27

0 if Z,,2 Z,,

—) —

Moreover,the weight of a generic noglean be calculated noting the weights of
all the links belonging to the backward star of npdes follows:

W, = a Wiy (2.28
(m.j ) BS(j)

where BY( j) is the backward star of nogle

Equations(2.27) and (2.28 allow the computation othe weights of the links
and nodedyy starting from a certain origin angrogressively moving away
from it; while equation(2.26 enables the kcation of flows by starting from
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the most distant nodes from the examined origin and, gradually, closing in on it.
Di al 6 thm s baged onithis principle.

Clearly, the use of thiklultinomial Logit model necessarily implies the fabat

very similar paths (that arenade up of a relevant part of the same links) are
perceived as being independent and, therefore, their probabilities are
overestimated. However, as already pointed out, it is possible to yemeis
drawback by adopting somearians of the Logit model,such asthe Clogit

model with an appropriate specification of the commonality factor.

On the other hand, thdonteCarloalgorithm adopts Probit path choice model
(Daganzo and Sheffi, 1977). This method is able to take into account
ovellapping pathsby introducing a positive covariance between the perceived
utilities of two paths sharing some links. In particular, the adopted assumption is
that the random residuals are distributedoading to a Multivariate Normal

MVN(0,a ) with null mean and varianesovariance matrixd which can be any

symmetric positive definite matrix. Moreovaet is assumed thator eachOD
pair, onlyelementary pathg.e. those without loopsare relevant.

However, this approactioes not enable an explicit calculation of paths choice
probabilities andtherefore, it is necessary to rely on a Monte Carlo technique in
order to obtain unbiased estimates of path choice probabilities and related path
and link flows. In particular, aasnpk of perceived link cost vectsihas to be
generated; then,of each samptevector, demand flows are assigned ttoe
shortest paths with an Atir-Nothing assignment algorithm atite mean of the
link flows obtained for the different link cost vectors of the sample is an
unbiased estimate of Probit SUN linloWs. Therefore, this algorithm does not
provide link flow values, but only a sequence of unbiasedtimates whose
precisionincreases with the number of iteratiortence, n practicejt proceesd

until a halt condition occurdpr example a preassigned maximum number of

iterationsi_,.. In this casethe time necessary for performing the algorithm is
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I.ax times bigger than that necessary to carry out a deterministic loading of the

network. For more details about this algorithm see Cascetta (2009).

By moving to the case dDeterministic User Equilibriunmodels, it can be
proved that, if the Jacobian related to cost functidas[c(f )] is symmetrical,

the DUE problem can be formalised as an optimisation problem (Beckman et al.,
1956):

f* =argmin z(f)=R/c(x)'dx  with fi S (d) (2.29

fis

1 3N

where, according toGr een 0 s t heor em, emndane of thet egr al
integration path.

It is worth noing that, if cost functionc(f) is continuous and differentiable
with  symmetrical and sendefinite positive Jacobian Jac[c(f)], the
optimisation framework and the equilibriumproblem becomeequivalent;
consequently, the solution gfroblem (2.29, obtained by means of a proper
optimisation algorithm, becomes feasible for the deterministic equilibrium
assignment and vice versa. this case, the adopted resolution method is the
Frank-Wolfealgorithm (LeBlanc et al., 1975).

It starts froma feasible initial solutionf®i S (d), which can be easily
obtained, for example, with @UN algorithm using zero flow costs
f° = f . (c(f =0)). Then, thealgorithm proceedby generating a succession
of feasible linkflow vectors fi S,(d) by solving a succession of linear
problems which approximates the problenpressed by means aquation

(2.29. Indeed, at a pointf | S, (d), objectivefunction z(f ) of problem(2.29

can be appiimated with a linear functior(f ) usi ng Tayl ords f or |

the first term:

At) @df)+oAF) & =7(1) (2.30
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By neglecting constant terms and considering that the integration and the
derivation on the same variables are operations which cancel each other out, it is

possible to obtain the following equation:

A1) @AT] & =c(f)ex (2.31)
Hence problem @.29 can be expressed as follows:

f =argmin c(?)T O = foun (2.32

s,

and, therefore, its solution is exactlyD&N flow vector, indicated asf,, at
the generic iteratiork , which coincidesvith a vertex of the polyhedro8, (d).

In fact, such a method doesthing butresolve a problem of optinason of a

convex nodinear function on theS,(d) set defined by linear constraints.

Hence, starting from the current solution, by means of the resolution of
optimisation problem2.32), that is none other than the calculation dD&N

link flow vectors as stated above, the algorithm is able to identify a direction
along which e objective function is minimésl so as to determine the new

solution.

More in detai) by settingk =0 at the beginningthe FrankWolfe algorithm for
the calculation oDUE link flows with rigid demand and cost functions with
symmetric Jacobian, can be described by the following system of recursive

equations:

& =) (2.33
foun = foun (€¢) (2.34
Y =argminy (M=t +nfek, - 1<) (2.39

dy ()

In particular the derivatived— can be easily obtained from link costs:
m
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M :DZ(f k1 ndngN . k.l))T(fEI;UN - k-l):

dm (2.39
:C(fk_l"’”{éfguw - fk_l))T(fgw - fk-l)

It is worth pointing outhat, since the calculation of the derivatives is replaced
by the calculation of cost functions, it is possitiebypass the computation of

function with a great simplification ithe resolution procedure.

The terminationtest foresees that scalar product between the gradient and the
direction of movement, made dimémsless, islower thana preestablished
threshold

(e dtdn - 1)

(Ck)T ¢f k-1

<e (2.3

In the case of a nesymmetric Jacobignit is necessary to rely on a
diagonalisation algorithm(Florian and Spiess, 1982) whose convergence,

however cannot be strictly guaranteed on a mathematical basis.

Finally, Stochastic User Equilibriurassignmen¢2.18) is generally addressed as
a fixed point problem for solving which it is necessary to adoptvtethod of
Successive AveragedlSA(Daganzo, 1983; Powell and Sheffi, 1982; Sheffi and

Powell, 1981), whose convergence i s ass

There are two possible variations of such an algorithinnch differ in the
parameter which is mediated at each iterattomamey MSAFA (Flow
Averaging andMSACA (Cost Averaginy

In particular, theMSAFA algorithm given f°i S, and starting byk =0, can

be described by the following system of recursive equations:

k=k+1 (2.39
c=c(f* ) (2.39
fSUN = fSUN(Ck) (24Q
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L1 _
f"=f"1+E(fS"UN- ) (2.41)

Therefore, at each iteratipa stochastic uncongested network assignment is
carried out with costs corresponding to the current soluiad the solution,

which is the average of the filsSUNassignments, is carried out.

On the other handhe MSACA algorithm given f°i S, ,k=0,c° :c(f 0), can

be described bthe following system of recursive equations:

k=k+1 (2.42)
f5= foulct) (2.43
y<=c(f¥) (2.44)
ok =Ck-1+%(yk ) Ck-l) (2.45

In this case, it is worth nioig that the link flow vectorf © at each iteratiork is
feasible.

The algorithm terminates if tf@UNflows calculated with costg® are equal to
the flows vectorf *: fSUN(C(f ")) f¥. This, in practicecorresponds to stop the

faue{r))- 14

procedurewhen the quantity v

is below a praassigned

thresholde.

It is worth noing that the termination test is itself computatityy demanding

since it requirean additionaSUNassignment at each iteration.

In general, the convergence of tSACA algorithm s slower with respect to
the MSAFA algorithm however, the Cost Averaging method has the advantage
that its convergence properties are guaranteed also in correspondeimce wit

nonseparable cost functions.
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Mor eover, r e ¢ e n (200§) propbsed&tSAagorithm based ora |
an Ant Colony Optimisation (ACO) approach, where the average was afiplied

the pheromone tralil.

A recap of the described algorithms is set out in talfle

PATH CHOICE MODEL
Deterministic Stochastic
Uncongested e . Dial/
network All-or-Nothing MonteCarlo
Symmetric User | ) ewolfe MSA-FA
Congested Equilibrium
network Asymmgtr!c User Diagonalization MSA-CA
Equilibrium

Table2.2 Assignment algorithms classification (source: Cascetta, 2009)

2.5 Optimisation models for transport systems

As shown by Gallo et al. (2011b), generallye optimisatiorof transportation

systems, under the assumption of rigid demand, can be formalised as follows:

#=argmin w(y, f") (2.46)
ys,
subject to
yi S, (2.47)
fr =y(y,f*,d) (2.49

where y is the vector of decision variables to be optimiéed. transit line path,
frequency, fares, travel timesk is the optimal value ofy; S, is the feasibility
set of vectory; w(Q is the objective function to be minimised: is the vector

of equilibrium flows y ( is therigid demand assignment functiod; is the

travel demandector.

Equation 2.47) summarisedoth technical and budget constraints on decision
variables.For example, dchnical constraint€an berelated to thenetwork
features or to the plannedimetable n the case ofcheduled servicewhereas
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instances bbudget constraintsan begrantsfor an improving infrastructural

intervention othenumber of vehiclkm to be operated.

In addition, the assignment constraint (i.e. demsuquply consistency
constraint) isrepresented by equatio2.48 which indicates the fixegoint
problem arising in the case of QUE assignment, as described in paragraph
2.1.6

Under the assumption of elastic demand, the alosetionedoptimisation

model becomes:

&= argmin wy, f) (2.49
vs,
subject to
yi S, (2.50
fr =y (v fnd(y. ) (2.50

where f_ is the multimodal equilibrium flow vectoy;' represents the elastic

demand assignment functiod;, (§ is the multimodal demand vector.

In particular, multimodal equilibrium flow vectorf, is obtained by a joint
estimation of equilibrium on the various transportatsystems (carrail, bus,

etc.); while, the multimodal demand vectod, (§ arranges the transportation
demand vectors for each transportation system. It depends on decisional

variables y and on he multimodal equilibrium flowsf . The function that

relatesy and f, to the multimodal demand vector is a mode choice model.
Besides constraints, other key eleamts to be defined in the abodescribed
optimisationframeworks according to the specific problem to be addressed, are

decision variables (e.g. waiting and travel times, frequency)tlamdbjective
functionto be minimisede.g. car and transit user cgstxternal cos).
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2.6 Rail optimisation models

The issue of managing and optimising railway operations is addresghd in
literature asdispatchingand reschedulingproblens, which consst in tasks of
monitoring and controlling aimed at ensuring a smooth running of raicegas
well as reestablishing ordinary conditions response to any kind of system
failure, by adjusting the planned service to the actual situations.

FACTORS OF OFF-LINE REAL -TIME TRAFFIC
COMPARISON TIMETABLING MANAGEMENT
Main objective Designoptimal schedule | Implement optimal control
Schedule validity Up to some years Up to few perturbed hours

Minor timetable
modifications
Perturbations or

Degree of flexibility Any change applicable

Traffic conditions Usually ideal conditions

disruptions
Tlme_ span of Long time horizon Up to some hours
prediction
Spac_e span of Large traffic network Rail junction or small
prediction network
Computation time Up to several months Up to few minutes

Table2.3 Differences between ofine timetabling ad realtime traffic managemergsource:
D6Ariano, 2008)

In particular, there are two dimensions of interest: asiodf design phase and a
reakt i me operational p h a sr& stage GoAcerndsn o ,
designof the railway timetable and the analysis of its stability; while second
stage is related to the management of the service ifiimealso as to properly
react tosystemfailure and provide an effective solution as rapidly as possible.

Table2.3shows the main differences between the two phases.

STATIC DYNAMIC
Onlinestatic traffic 755?5#1\{5 72;%210&?
ON-LINE o ;ngidugggtro Closed Loop| Closed Loop
P P Control Control
OFF-LINE Train timetabling 0

Table2.40nline vs off-line and static valynamic approaches (source:
Cormanand Meng, 2015)
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A further distinction, shown in tabl2.4, has been proposed by Corman and
Meng (2005), according to which rescheduling tasks eapdsformed statically

or dynamically on the basis of the input information implemented, as opposed to
the timetabling phase which istrinsically an offline and static proces#n
particular, in static methodeput data are process only once with dixed
value;while, in dynamic approachethe values of input parameters change over
time. Moreover, dynamic rescheduling approaches can be distinguished into
reactive if they neglect a view of the futureand proactive if they consider

future conditiors in a probabilistic and tirrdependent way.

The close relationship between the two abmentioned management
dimensions is evident: a walkesigned timetable, with a high degree of stability

and robustnessnakes the rescheduling process easier and seroot

2.6.1.The timetabling phase

The timetablingprocess of a railway line consists gstablishing the departure

and arrival times of each convoy at each station being served, respéeting
limits imposed by safetyaw, infrastructure, signalling system atite necessity

to guarantee a certain number of transfers. Such a phase is crucial for the entire
railway operation as it influees, directly or indirectlysystem performance, the
degree of use of the infrastruot capacityservice qualitythe management of
rolling stock andhe crew scheduling

Generally, timetables are characterised by the adoption of cyclic structures,
which can include particular propertiramely periodicity, synchrorasion and
symmetry. The periodicity consists in setting regular intervals among trains
during the whole service; theynchroniation regards the coordination of
departure and arrival times dfie planned runsn order to provide feasible
transfers for passengers; tlsgmmetryconcerns the adoption of the same
timetable features in both directions anslsaown by Liebchen (2004),ntakes
sense only if travel times and dwell times are the same in both ways and travel

demand is symmetrical as well.
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Periodic timetables are uslyalmodelled by means of Periodic Event
Scheduling Problem(PESP), introduced by Serafini and Ukovich (1989).
Contributions which adopt this approach are, for instance, Liebchen (2008),
Liebchen and Mdéring (2002), Nachtigall (1996) and Peeters (2003kdver,
Kroon et al. (2007) describeastochastic variant of the BE which takes into
account randm disturbances to rail servidéong and Leung (2004), and Wong

et al. (2008) proposed a synchraatisn model which minimises waiting times
for passengersSimilarly, Guo et al. (2017) developed a timetable optimisation
framework implementing the Particle Swarm Opsation and Simulated
Annealing for enhancing the fermance of transfer synchroaitson between
different rail linesFinally, an example ofgimisation framework for symmetric
timetables can be found in Bruglieri et al. (2017) whose approach duly takes into

account modal split and travel demand.

Timetable performance measures @l@bility, punctualityandrobustnessThe
reliability is the ability of a system oa component to perform its required
functions under stated conditions farspecified period of time (Rausand and
Hgyland, 2004);punctualityis usually defined as the probability that a train
arrives less thar minutes latgCeder and Hassold, 2015)5bustnessefers to
the capability of avoiding delay propagation as much as pog§&iakechiani and
Toth, 2012).

Generally, a robust timetable is carried out by properly introducing buffer times
for absorbing potential delay$dowever, it is necessary to strike the right
balance between the use of railway capacity and the robustness of the timetable
(Barter, 2004; Carey and Kwiecinski, 1995; Landex et al.,, 2006; Wendler,
2001). In fact, with an increase in buffer times, the tablet presents a greater
flexibility and, thus, an increased chance of absgrlielays, avoiding their

spreadhowever this coud lead to an undemsage okystem capacity.

In Goverde (2005) we can find an interesting desigrhodetlogy for railway
timetables featured in figur®.16 where wo feedback cycles are proposede
on the stability of the timetable (@nte analysis), and the other one on the
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punctuality of the system (gxost analysis). As regards the stability analysis, the
contribution extendso the railway cas¢he methodology proposed by Baker
(1993) and Subiono (2000), based on the ¥l Algebra,by introducing
constraintdictated bythe infrastructure and the signalling system. On the other
hand, regarding the eost analysis, which requires the acquisition of
measurements relative to tlaetual performed service, the author proposed

tool called TN\(Prepare

Ex-ante traffic analysis

Stability
Analysis

'

Tgnet_able N Railw_ay N Data_ ¢ Management
esign Operations Collection Information
Punctuality
Analysis

Ex-post traffic analysis

Figure2.16 Feedback cycles in railway timetabling procéssurce: Goverde, 2005)

Moreover, Beginovil and Gstagee modet for( 2 01 6)
carrying out robust timetables in which, after obtaining a stable timetable
structure (i.e a structure which minimisethe tradeoff between capacity
utilization and travel times), the optimal allocation of time supplements and
buffer times is derived. In addition, a delay propagation model is implemented
for validating the obtained timetabl®imilarly, Fischetti et al. (2009) developed

a threestage framework imed at identifying robust timable structures by
means of a combination of linear programming with stochastic programming
and robustboptimisation techniques. In particular, firstly the Train Timetabling
Problem (TTP) is modelled neglecting robustness; in the second step different
training methods, which essentially test the impact on the system of the
occurrence of delays, are implemented afidally, a validation phase is
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performed. Furthermore, Yan and Goverde (2017) proposed an optimisation
methodologyfor maximising timetable robustness in which the variability of
dwell and travel timesas well aghe possibility of overtaking are considdr In
addition, Sparing and Goverde (2017) improved dpproachdeveloped by
Sparing and Goverde (2018y proposing a method for generating periodic
timetables aimed at maximising timetable stability indirectly, that is by
optimising the cycle timendeed, as shown by Goverde (2007), a timetable can
be stable only if the nominal timetable period is higher than the minimum cycle
time; moreover,the degree of stability increases with the increase of the gap
between these two quantities. Khadilkar (201@yedoped a stochastic delay
propagation model which evaluates timetable robustness by means of individual
and collective measures, related respectively to primary and knock delays, and
tested it on a portion of the Indian railway netwokk.to timetable prformance
addressed in the literature, it is worth citing the following contributions:
Liebchen et al. (2009) which proposed an integrated timetabling/delay
management framework by introducing a new concept of robustness, known as
recoverable robustnessand Ciuffini (2014) which derived a method for
comparing different timetable structures in terms of attractiveness for
passengers, by computing the so caltede displacementetween what
travellers desirandthe scheduledervice, whose formulation takénto account

the frequency and the travellersdé ti me

Simulatiorbased approaches for performing the timetabling phase can be found

in Beginovil et al . (2016) and Goverde
proposed an integrated framewavhich combines a micro and a macro network
representation. More in deep, the timetable structure is carried out at the
microscopic levelthanks to a very precise adjustment of running times and
minimum headways; whileat the macroscopic level the teadff between travel

times and degree of robustness is perfornadthe other hand;overde et al.

(2016) proposed adesign approach aimed ageneratinga robust and
energyefficient timetable by means of a thrstage process which combines

different levels of analysis: microscopic, macroscopic, and a corridostéineg
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level. The basic idea is to optimisach performance indicator at appropriate

level, so as to obtain a more reliable evaluation.

Clearly, bearing in mind the importance of the abmantioned issues related to
the stability and robustness of a timetable, different objective fusotam be
considered according to the examined contexts. For example, Canca et al. (2011)
proposed a methodology to optiraishe timetabling process so @sfind the
right babnce between the quality afervice and operational costs; while,
Brannlund etal. (1998) introduced an optinaton problem in which the
objective function to be maximes is the degree of use of the railway
infrastructure. MoreoverQOliveira and Smith (2000)and Oliveira (2001)
modelled the timetabling phaseas a constrained jedcheduling problem, in
which theobjective function to be minimesl is the total delay. In particular, the
introduced restrictions are relative to travel @ewh and to theconnections
between runs, in order to guarantee a minimum number of transfers.
Furthermore, the optimisation of the timetabling phase in an efmdfigient
perspective can be found in Canca (2017) and Su et al. (20k8).close
relationshp amongtimetable, ecalriving profiles and energy saving strategies
will be analysed in depth in paragrapl8.

The definition of a timetablevolves different time rates such as train running
times, blocking times and minimum headway between two successive convoys,
dwell times at stationsbuffer times and layover timesIn particular, the
following sectionis focused on the estimation techumegof dwell times, which

have a key role in the timetable planning phase, especially in the case of

congested lines, given their nature of fldependent factors.

2.6.1.1Dwell times estimation techniques

One of the main consequmss of the interaction between rail service and travel
demand is the fact that dwell times cannot be derived as fixed yblutetheir
estimation has to be carried out as function of the passengerifigalved in

the boarding/alighting process. This uegment becomes increasingly felt in

crowded situations where, as shown by Kanai et al. (2011), the phenomenon
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known as snowball effecttakes place. In fact, according to the dynamic
interaction between rail operat®and traveller flows, the number ohgsengers

on the platform influences the dwell times of trains at stations, which may cause
increasing delaysConsequentlythere occurs an increase in headways which
coud generate more passenger flan the platform producing longer dwell
times. Howeverthe snowball effect does novadve indefinitely, but tends to
converge towards an equilibrium state according to proper theoretical
conditions, as shown later in this woikhereforethe importance of a suitable
estimation of dwell timesn order to esure a high degree of timetable
robustnessthus makingthe service more reliable and attraetivm the eyes of
passengersappears clear (Carey and Carville, 2000; Dewilde et al., 2014; Hadas
and Ceder, 2010; Heimburger et al., 1999).

Hence, estimating thnumber and characteristics of passengers (i.e. gender, age,
mobility, luggage) is a key task for calculating the amount of time required for
the boarding/alighting process (Daamen et al., 2008) and, therefore, for
obtaining a reliable value of dwell tim€learly, the matter is quite complex
since it involves some uncertain factors such as the interatomgdifferent
groups of passengers on the same platform and between passengthe
platform and those ehoard (Puong, 2000)n addition, it is ®cessary to carry

out also a forecast of queues due to lack of residual capacity on the convoy: this,
in turn, may cause delays since it influences shbésequentlighting and
boarding process. In this context, Xu et al (2013) proposed a tool for supporting
pedestrian flow management which, by means of probabilistic theory and
discrete time Markov chain theory, gs/a theoretically quantitative prediction

for thequeue length of stranded passengers.

Other factors which may influence dwell time are rolling stock, station layout
and rail operationsherelevanceof rolling stock features lies in several factors:
number and width of doors (Weston, 1989), kind o¥iserperformed (Jong and
Chang, 2011), horizontal and vertical gaps between the trairntharmatform
(Buchmulleret al., 2008; Wiggenraad, 200interior layout of the convgyseen
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as number and position of seats (Harris, 2006) or as passenger distande
doors and potential free spawagich useris inclined to occupy (Baee et al.,
2012). Strictly related to the internal layout of convoys, there is the fare
collection methodwhich, as shown by Fletcher and-Géneidy(2013), may
influence the time equired for completing boarding and alighting process as
well. Indeed, in the presence of a manual fare method, additional time is
required due to the necessity of an interaction betweempdabgenger and the
driver, whohas to select the proper ticket aawentually give the change. On the
contrary, an automatic fare collection method could speed up the operation;
however, in this case, the factors which may influence the boarding time are the
number and position o$tamping machines diare boxeson-board if any.
Station featuresn terms ofposition of access/egress facilities (Kunimatsu et
al.,2012) and train stop type, e.g. short stop or large stations (Li 20&4a),

may affect dwell timesas well. Regarding rail operations, in addition to the
above mentioned reciprocal influence existing between rail servicetrandl
demand, it is worth notg that dwell times have a large role also in containing
the propagation of delays in order to avoid the arising of the so called secondary
delays, which le& to a further deterioration of service quality (Buker and
Seybold, 2012; Burdett and Kozan, 2014; Ceder and Hassold, 2015; Cui et al.,
2016).

Basically, two kind of estimation approach have been proposetiatiterature

for computing dwell times.

The first proposedcontributionsadoptedstatistical techniques, i.e. regression
models (Lam et al., 1999; Wirasinghe and Szplett, 1984), which were borrowed
from the bus service field (Guenthner and Hamat, 1998; Levine and Torng;
1994; Levinson, 1983)Speifically, regression methodologies are based on
detected data and aim to express dwell times as a sum of constant and variable
predictors. In particular, fixed values are related to the unlocking, opening and
closing times of doors together with plannedffér times; infact, they are

invariant once rolling stock features and train dispatching times are set up. By
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contrast, variable pararess are function of the usedighting and boarding
times which, in turn, depend on passenger flows. More recentiledigns in

this field are provided by Hansen et §010, Harris and Andersoii2007),
Kecman and Goverd@015, and Vuchic(2005). However, broadly speaking,
these models are tobound to the specific conditions in which they were
developed for being pplied to other contexts. Indeed, basically, they are
descriptive models, since no details about passenger behavioural rules when a
train arrives are considered and, thus, they can be useful only in the case of
already existing rail serviceSherefore, tey have no predicted power and,
hence are not appropriate to be used in the planning phase. Finally, they are
mostly deterministic,which meansthat their results can be viewed as the
expected values of dwell times required for completing the boarding and

alighting process, without any information about their statistical distribution.

On the other hand, the second approach proposdheifiterature relies on
micro-simulation tasks which are able to explicitly model pedestrian behaviour
on platforms, espédlly in crowded conditions (Lam et al., 1998; Tirachini et al.,
2013), and relate it to delays and to other aspects of rail service performance.
These methods overtake the inconveniences of regression prendedsthey can

be used also in a planned stage for modelling hypothetical contexts and,
generally, are able to take into account the stochasticity of the phenomenon
under observation, whicmay be due to several factors suchteamporal and
spatial distibution of travel demand, train delays, passenger and train driver
behaviours. Stochastic variations in dwell time aredelled in Larsen et al.
(2014); while, Longo and Medeosg013) computediwell times bysplitting

the estimation procedurato both deterministic andstochastic suiprocesses
Other micresimulation approaches are proposed by Jiang et al. (2015) which
extended the simulation methmdgy suggested by Jiang (204i@)roducing the
evaluation of mutual interactisnbetween dwell times andain delays. By
contrast, Zhang et al. (2008) simulated the cooperation and negotiation process
between boarding and alighting passengers by means of a cellular

automatabased model and Yamamura et al. (2013) proposed a-ageitt
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simulation method whicls able to take into account passenger congestion both
on platform and inside trains. Moreover, in order to overcomeridnebacksof
discrete approaches, Bandini et al. (2014) propa@sednnovativefloor-field
celular automata pedestrian mode&vhich is specifically developed for
simulating highdensity contexts. Furthermore, Seriani andnkedez (2015)
addressed the g@blem of defining passenger service time and other related
factors (i.e. user density on trains and platforms, pedestrian level ofesandc
passenger dissatisfaction) by combining misimmulation taks with laboratory

experiments.

Other methodologies proposed in the literature for estimating dwell times are
based on the use of artificial neural networks: Berbey et al. (2012) modelled
human behaviour and interact®ramong different groups of passengers by
combining artificial intelligencdased techgues and a fuzzy logic approach;
while, Chu et al. (2015) addressed the problem by using tualk Extreme
Learning Machine(ELM), a vey fast training speed algorithm described by
Huang et al. (2006).

Given the close relminship among dwell timesimetable and reliability of rail
service (stated, for instance, by Pouryousef and Lautala, 2015; Sato et al., 2013),
together with the neetb evaluate boarding and alighting times as a function of
passenger flows, the majority of contributions in the literatuee focusedn

dwell time estimation in the planning phase: Wong at al. (2608yessedhe
definition of ruming times and statiodwell times in order taninimise transfer
waiting times;while, Landex and Jensen (2013) analysed the possibility of
adjusting dwell times so as to increase station capacity. Nevertheless, some have
also proposed models for managing disruptions (Kepamtsoghd Karlaftis,

2010) and realime rescheduling tasks (Li et al., 2016), or e¥@nputting in

placeeffective energy saving msures (Xiaoming et al., 2016).

Clearly, in the case of existing services, mass transit agencies may adopt a
statistical apprach for determining dwell times as a function afcertain

confidencelevel (expressed, for instance, inries of percentilesand perform
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some control stratégs for increasing the complianbetween the real and the
scheduled timetables. However, thisrw is focused on the estimation of dwell
times in planning stages (i.e. when the service is not yet in operation), during
which it is necessary to rely auitablemodelling approaas for simulating
passenger behaviour on platform when a train arnves very accurate and

realistic manner.

2.6.2.The rescheduling problem

Thereschedulingoroblem covers a large part of trelway operationsesearch,
since the advantages offered by rail transporterms of hightravel speed and

low values of headway (due to exclusive lanes, constrained drive and signalling
system) are counterbalanced by an intrinsic fragility to failure phenomena.
However, very frequently, dispatchers can count only on their experience (e.g.
by presuming the amount of recovery times or the most successful intervention
strategy) and, therefore, developing suitable decision support systems for

helping thento deal with disruption conditions turns out to be fundamental.

Generally, recovery strategieare implemented according to three consecutive
phases: timetable rescheduling, rolling stock rescheduling and crew
rescheduling; however, what follows is essentially focused on timetable

rescheduling.

As shown by Hansen e Pachl (2008)e rescheduling pcess consists in two
successive steps. Thiaitial phase concerns the identification of potential
conflicts on the basis of the currestate of the infrastructuréie charactestics

of operational timesthe availability of rolling stockthe positionand travel
speed of each convoy. This is followed by a problem solving phase which,
according to the resultsf the previous step and the delaaually occurred
identifies the most appropriate strategies foestablishing normal operating

conditions.

In the following, a classification of rescheduling methodologies propostz in

literature, according to different criteria, will be provided.
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Frequently, rescheduling problems are addressed by means of simb&sdexh
methods and, therefore, railwaytonisation models, similarly to simulation
ones, can be classified into macroscopic and microscopic, according to the
degree of detail implemented. Moreover, two main modelling approaches are
generally adopted which are based on the implementation regbect the so
called Alternative Graph (AGandMixed Integer Linear Programming (MILP)

formulations.

TheAlternative Graphmodel was proposed by Mascis and Pacciarelli (2002), as
a generalisation of the disjunctive graph formulation of Roy and Sussman
(1964). Essentially, it allowgo simulaterailway operations as job-shop
scheduling problemi,e. the problem of allocating machines to competing jobs
over time, subject to the constraint that each machineaadlidnat most one job

at a time Therefore, each operation denotes the traversal of a resource
(block/track section or station platform) by a job (train route). In particular,
Mascis and Pacciarelli (2002) introduced additional constraknewn as
blocking and newait constraintsmodellingrespetively the absence of storage
capacityamongmachines and the condition in which two consecutive operations
in a job must be processed without any interruption. Several rescheduling
methodologies based on the implementation of the Alternative Graphhdoget
with the blocking time theory (Hansen and Pachl, 2008), have been proposed in
the literature for dealing with different dispatching problems. A first disruption
management met hod based on this approa
(2008) which develped a decision support system for +i@le traffic
management, named ROMA (Railway traffic Optiatisn by Means of
Alternative graphs). In particula such atool solves the redime train
dispatching problem by subdividing it into four sptoblems:

1 data loading and exchangéinformation with the field;

1 assigning a passable route to each traorder to avoid blocked tracks;
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1 defining optimal train routes, orderingnd specifying the exact arrival
and departure times at stations and at a seelefant points in the
network;

1 ensuring a minimum distance headway between trains while maintaining

acceptable speed profiles.

In Quaglietta et al. (2013) ROMA was integrated with the microscopic traffic
simulator EGTRAIN, so as to incorporate the dynamiclian of traffic

conditions ito the dispathing procedure.

Other rescheduling approaches based on the adoption of the Alternative Graph
concern: del ay management probl ems (DO /
recovery actions (Corman et al. 2011b, Flaramd Pacciarelli 2008, Sama et al.

2017) and conflict resolution tasks (Corman et al. 2012). Also large network
contexts and very severe disruption conditions can be addressed by means of

such an approach (Corman et al 2011a). Moreover, formulations ef th
Alternative Graph targeting for dealing with disruptions conditions in rail lines

with  movingblock signalling systems (i.e. the headway is computed as a
minimum time lag on each section for two consecutive trains) have been
developed by Mazzarello andt@viani (2007), and Xu et al. (2017a; 2017b).

While rescheduling methods based on the Alternative Ggaplerallyadopt a
microscopic approach, works implementing Mixed Integer Linear Programming
(MILP) formulations proposed irthe literature deal with dth microscopic

(Boccia et al., 2013; Hirai et al., 2009; Pellegrini et al., 2012) and macroscopic
(AcunaA g o st et al ., 2011; Dundar and kahi
2014; Min et al., 2011; Narayanaswami and Rangaraj, 2013; Shobel, 2007;
Tornquist ad Persson, 2007) frameworks.

Moreover, Shakibayifar et al. (2017) proposed a real time recovery management
mode| for dealng with multiple disruptionswhich adoptseuristic digpatching
rules and integratedifferent intervention strategies such as reord, retiming,
speed control and dwell time adjustment. Meng and Zhou (2014) developed an

integer programming model characterised by an innovative formulation with
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networkbased cumulative flow variables for addressing a simultaneous train
rerouting andrescheduling problem. Zhan et al. (2015) formulated a Mixed
Integer Programming modefor handling a complete blockage disruption on
high speed linesvhose aim is to minimésthe total weighted train delay and the
number of cancelled traingn accordane with headway and station capacity
constraints. Finally, Huo et al. (201@ddressed théimetable rescheduling
problem by developinga binary mixedinteger programming model aimed at
minimising the time difference between the planned timetable and the

rescheduling one which is expressed in terms of train order entropy.

The main advantageoffered by macro approaches lies ime lower
computational effortvhich, for example, allows dealwith complex objective
functions, like in Binder et al. (2017) wheee macroscopic muhHbbjective
framework taking into account passenger satisfaction, operational costs and
deviations from the undisrupted timetable proposed. On the other hand,
micro-simulation approaches, as already pointed out, altoexplicitly model

the interactions among system components (i.e. infrastructure, signalling system,
rolling stock, timetal® and travel demand) and computeolved quantities in

an accurate manner (e.g. running times, dwell times, headways). Therefore, in
order to beefit from advantages of both approaches, also integrated fransework
which combines these two simulation techniques have been propogskd in
literature. In thiscontext, Placido et al. (2014pjopose a reschedulinghethod
including both a macroscopicand a microscopic model of the network. In
particular, the macroscopic representation is implemented in an optimisation
framework, based on the model developed by Cadarso et al. (2013), whose aim
is to derive timetable and rolling stock schedule in the cdsfailure. On the
other hand, the microscopic representation is used for the simulation, model
which is based on the proposal of D6 Ac
includes the Service Simulation ddel (SSM) and the ORlatform Model
(OPM) for asigning travel demand to the rail network. Dollovoet et al. (2014)
developed an iterative optimisation framework in which a delay management

problem is solved macroscopically and, then, validated microscopically by
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means ofa train scheduling model takingto account the limited capacity of
stations.Specifically, the original timetable and travel demafidws are given

as initial input data, together with a set of delays computed on arrival events.
With this information, the algorithm solves the delay agement problem by
identifying the connections to be maintained and carrying out an expected
macroscopic timetable. Then, the output of the delay management problem
becomes the input of ¢htrain scheduling problem, whose resolution consists in
analysing ptential conflicts around stations and estimating dedaypagation.

The fact that these delays are computedri®ans of a microscopic approach
ensures & accurate degree of estimatiomnlse, they are, in turn, implemented

in the delay manageent problemwhich is run again and,tdhe end of the

iterative process, a timetabi@nimisingpassenger delays is carried out.

The abovementioned works adopt a synchronous approsicee the ainof the
analysis is to address events like deviations from the plargesdice,
propagation of delays and system failures. On the other hand, the asynchronous
approach is generally implemented for solving conflicts between trains
belonging to different categories, by always giving priority to trains in a higher
category (seefor instance, Jacobs 2004). However, clearly, asynchronous

solving conflict algorithmgamot guarantee a global optimum as solution.

Finally, albeit in the literature it is possible to find some deterministic
reschedulingnethodologis (see, for instarmc, D6Aci erno et al
Yeung, 2001; Schdbel, 2007), the stochastic approach is the most gaiueste

the random ature of the involved factortn particular, the importance of taking
into account the stochasity of events lies in the fathat the stability of rail
service is very sensitive to the presence of even small variations in the
performance of convoys or dwell times, above all for the risk of a knock
effect of propagation of delays which would negatively affect the entirensyste
To this end, Hansen (2006) describih@ influence on system performanaie

the stochasticity of design variabl@sthin the railway timetableln this context,
Yuan (2006) proposed a probabilistic analytical model which makes a realistic
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estimate of day propagation androvides arassessment of delay impact on the
punctuality of the service. Conte and Shobel (2007) developed a stochastic
simplified graphical modelling approacfor identifying dependencies among
delays, which is based on the so callBd-graph (propsed by Wille and
Buhimann, 2004; 200&)llowing a compact representationdfferent kinds of

delay primary delays, secondary delagdue tothe propagation of primary
delays) and delays due to the restricted capacity of the railwagstrfrcture.

The relevanceof consideing delays agime-dependent random variables is
stated also by Kecman et al. (2015a) and Kecman et al. (2015b) which modelled
the uncertainty of train delays respectively by means of a Markov stochastic
process and Bagian networks. While, stochasticity of arrival and recovery
times istaken into account in the rescheduling megebposed by Davydov et

al. (2017), and Li et al. (20bt Moreover, Larsen et al. (2014) analysed the
impact of considering uncertainty ihe rescheduling framework by comparing
results of different algorithm$oth in deterministic and stochastic scenarios. In
particular, train delays are modelled by means of a statistical distribution, while
running and dwell times are perturbed with stochastic variations. Similarly,
stochasticity of train performance and dwelt i mes ar e model | ed i
al. (2016a). In addition, the uncertainty of the disruption information are
addressed by Meng and Zhou (2DWwhich developed a stochastiod dynamic
rescheduling model aimed at minimising the total train delay incése of a
singletrack rail line. More in deep, the proposed approach is implemented in a
rolling horizon framework: the robustness of rescheduling strategies is evaluated
considering random segment running times and a segment capacity breakdown
with an urtertain duration. Finally, Yin et al. (2016) developed a metro
rescheduling model which takes into account the stochasticity of travel demand:
the arriving ratio of passengers at each station is modelled as a
nonhomogeneous Poisson disution in which the intensity function is treated

by means ofime-varyingorigin-destination matrices.

In rescheduling problems, two fundamental issues have to be taken into account,

which are strictly related to each other: on one side, the interaction between ralil
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opertions and travel demand and, on the other side, capacity constraints of rail
service. In particular, the interface between rail operations and passenger flows
is represented by the boarding and alighting process which is obviouslgdffect
by the availal® capacity. For the sake dhdty, it is worth noting thathe fact

of addressing the problem by taking into account the influence of travel demand
on the service is aimed at making the simulation as more realistic as possible,
disregardinghe final pupose of the analysis (i.e. whether or not the faniad is

to satisfy passenger needs). However, issues related to the impact of travel
demand on rail service and the minimisation of passengers discomfort are
generally addressed togethdue to their stat relationship. Indeed, boarding,
alighting and orboard flows affect the performance of rail service and,
therefore, their attractiveness, which in turn affect passenger satisfateiore

a realistic modelling of boarding and alighting process allawsore accurate
estimation of passenger inconvenience, for example in terms of waiting times for
users on platform or in terms of total travel times for usersbaand.
Rescheduling methodologies which fulfil these requirements can be found in
Kepaptsoglowand Karlaftis (2010), which dealt with pedisruption operations

at statiosp | at form | evel and D oankaducedrcapacityet al
constraintdor taking into account the fact that, especially in crowded contexts,
not all passengers waitingn the platform are actually able to board the first
arriving train. Furthermore, Xu et al. (2017c) developed a rescheduling
framework for minimising delay timef alighting passengers apenalty time

of stranded passengerhu and Goverde (201 develped a dynamic passenger
assignment model which implements an evmaged simulation technique for
model |l ing alighting and boardi-nolge pr oce:
travel decisions are considered and all phases moguduring a disruption

evat (i.e. the first transition phase from the planned timetable to the disruption
timetable, the second phase where tlseughtion timetable is performed atite

third recovery phase from the disruption timetable to the planned timetable) are
modelled. Thidgs a veryrelevant point since passengers who start their trip in

different phases, generallgre affected byhe disruption in a different manner.
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Moreover, timevariability of travel demand, disruptienduced service changes
and capacity constraintd convoys are explicitly taken into account.

More in general, the dynamic interaction between rail service and travel demand
is consideredin the following contributions. Gao et al. (2016) proposed a
disruption management approach, in the case of a rsgstem, based on a
skip-stop patternwhich involves the analysis of tirdependent passenger flsw
under conditior of limited train capacity. Canca et al. (2012) developed a model
for analysing shofturning and deadheading rescheduling solutiwh&h takes

into account the dynamic behaviour of travel demand albwegconsidered
planning horizon andims at minimising passenger overload amdproving
service quality. Finally, Veelenturf et al. (2017) proposed a macroscopic
rescheduling approach whicltorabines rolling stock and timetable recovery
strategies by considering adjustments of stopping patterns in a passenger
oriented perspective. In particular, the adopted resolution method is a greedy
technique based on the passenger flow simulation algoptbposed by Kroon

et al. (2015).

Moreover, disruption management problems may concern metro (Bizhan and
Mohammad 2015;Gao et al.2017)regional (Adensdiaz et al., 1999; Botte et

al., 2017) or higkspeed services (Wang et al.,, 2012; Zhan et al., 2016).
Furthermore, different degrees of network complexity can be addressed. In
particular, the level of complexity increases moving from raylsitrack case
(Meng and Zhou, 2011) to atkack context (Meng and Zhou, 2014) and from a
singleline (Xuetal. 206§ to a | arge network (Cor
et al.,, 2016; Kecman et al., 2013). Also networks characterised by a mixed
traffic can be analysed, with a further increase in the degree of complexity
tackled. For example, Corman et al. (2011c) developed dm@mescheduling
model for dealing with different types of train categories (both for passengers

and freight) having differergriority rules.

Another classification criterion for rescheduling approach isatteysedailure
severity. Indeed, as shown by Cacchiani et al. (2014), it is possible to distinguish
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between disturbance and disruption: disturbances are geneoaltydered as
small pertubations influencing the systemwhile, disruptions indicate large
external incidents which can lead to the cancellation of runs within the timetable
or evento the interruption of the whole service. Clearly, the greater the $gveri
of the failure, the greater the impact of the corrective measiorée adopted.

For example, Dollevoet et al. (2012b) dealt with the problem of connection and
re-routing in the case of a delay occurrence; similarly, Bauer and Schobel (2014)
developed dearningstrategy for the otine delay management problem. On the
other hand, more severe perturbations are addressed by Corman et al. (2010b)
and Veelenturf et al. (2016). In pigular, Corman et al. (2010@nalysed a
serious disruption where some thosections have a reduced maximum speed
together with others which are totally unavailable for traffig impementing

the alternative graphwhile, Veelenturf et al. (2016) developed a macroscopic
rescheduling approach for handling cyclic timetablegresence of large scale
disruptions, which is based on an Integer Linear Programming (ILP) formulation
taking into account infrastructure and rolling stock capacity constraints.
Moreove, Ghaemi et al. (2016) presenteanacroscopic rescheduling model to
compute the disruption timetabfer a complete blockage with #ocus on
shortturning trains. Partial and complete blockagae also addressed in
Louwerse and Huisman (2014), which developed integer programming
formulations for maximising service qugliand tested them ooasestudies

from Netherlands Rlways.

Finally, different perspectives can be introduced in rescheduling models. Firstly,
as already mentioned, several works proposed passengeted
methodologies. In addition to the already citezbntributions, other
passengecentric approaches can be found in Binder e{24115), Kanai et al.
(2011), Kumazawa et al. (2010), Placido et al. (2014b), Sato €2Gil3),
Tanaka et al. (2009), Toletti and Weidman (2016). Typical measures of service
quality used for determining passengers satisfaction resulting from rescheduling
strategies arecumulative delays, waiting times, user generalised costs, removed

connections, penalty time of stranded passen@#rgiously, passengers are not
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the only plaers in the rescheduling process. Indeed, the other parties involved
are infrastructure managers and train operating companies. On one hand, train
operating companies are interested in minimising both passenger discomfort and
operational costs associatedthe implemented rescheduling strategies. On the
other hand, infrastructure managers aim to reduce train delays, even if this
implies cancelling runs or suppressing connection services. Works which, in
addition to passenger needs, considered operatiost of train companies are
those proposed bBi nder et al . (2017) and DO6AcI
context, it is worth citingalsothe contribution of Cadarso et al. (2015) which
computed different measures of castsulting from the disruption magement
processsuch as total operational cost for passengers services, total operational
cost for empty movements and total number of schedule changes (i.e. services,
compositions and inventory train changes indicatos of the effortmade by

rail compmniesfor putting in place recovery strategies. Moreover, the tcdfle
between thetargets pursued by the two abowveentioned stakeholders (i.e.
infrastructure managers and train operating companies) is addressed in Corman
et al. (2012; ekaQ@®Y). and DO6Ari ano

In addition, since the reduction in energy consumption is one of thegoak

of railway companies, optimisation methods which adopt an energy saving view
have been also proposed. However, to be precise, energy issues are generally
takeninto account in the case of scheduling framewoskeh as timetabling
optimisation methods and ret@ine control strategiesée, for instanceélbrecht

and Oettich, 2002; Canca and Zarzo, 2017; Corman et al., 2009; Feng et al.
2017). Furthermore, Cheweri et al. (2013), and Yin et al. (2017) analysed the
tradeoff between passenger needs and eneffigiency in the case of
scheduling approaches. On the other hand, rescheduling approaches involving
passenger services proposedthe literature, usually eglect energy saving
perspectives. By contrast, this target is very felt in disruption management
approaches in the case of freight trains (see, for instance, Toletti et al., 2016;
Umiliacchi et al., 2016).
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In the light of the above, it is understandalfiattthe rescheduling problem is
strongly NRHARD and, therefore, for its resolution, it is necessary to rely on
properheuristic and metaheuristic methods which are able to finebptiimal
solutionswithin suitable comptation times. An overview asuch optimisation

techniques will be provided in the followirsgction

2.7 Optimisation algorithms

The conceptually simplest technique for identifying the optimal solution in a
combinatorial optimisation problem is based on the enuroeratiethods which
evaluate all candidate solutiorsxbiaustive approachr brute force search or

select a set of efficient solutionsnplicit enumeration approaghand choose

the onewhich optimises specific criteriexpressed by an objective functjda

be minimised or maximised according to the specific addressed issue. Their
computational cost depends on the number of candidate solutions and, therefore,
they are typically used in problems of limited dimensions (ssiadl problems).

On the other handin the case of reacale networks where, generally, the
number of feasible solutions to be analysed is very high and the objective
functions are not convex, it is necessary to rely on suitable metaheuristic
techniques which afford the possibility of diimg neasto-optimal solutions
within reasonable computation tim&ghat follows,far from any clainof being
exhaustive, provides some basic principles of the most frequently used
metaheuristic algorithms in the field of rail transport, ranging from desig

problemsto those of scheduling amduting.

Let us begin with the analysis of a series of algorithms belonging to the class of
Local Search methodsyhose common framework consists in starting from an
initial feasible solution, trying iteratively to imgve the current solution by
means of more or less complex modifications (e.g. the exchange of elements
belonging or not to the solution) and drawing to a close when no further

improvements can be made.
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Specifically, the following techniques will be deibed:

1 Neighbourhood Search

1 Heuristic Local Search

{1 Tabu Search

1 Simulating Annealing

The Neighbourhood Search Algorithm (NS8)a heuristic algorithm for solving

discrete optimisation problems. Eaebctor y has an associated set\ctors
N(y)i S,, called neighbourhood of , where the generic element N(y) is

obtained from solutiony by an operation consisting in modifying only one
component of vectory. This algorithm can be implemented according to two

different approachesSteepest Descent Method (SDEbnsisting in examining

all elements of the neighbourhood and identifying the best solution (i.e. the
solution with the best obgéive function value), an(Random Descent Method
(RDM) consisting in randomly extracting a solution from the neighbourhood and
comparing it with the current one. In particular, if the new solution is better than
the current one, it then becomes the cursehition; otherwise, another solution

is randomly extracted until the neighbourhood runs out, since all solutions inside
have been explored. This algorithm is relatively simple, but its importance lies in
the fact that, in many cases, it is implemented asbroutine in more complex

techniques, such as the Heuristic Local Search approach, set out below.

The Heuristic Local Search (HLSy made up of five phases which combine

unconstrained optimisation steps with constrained ones.

More in detail as show by Galloet al. (2011b), it can be outlined in the

following steps:

Unconstrained Mond@imensional Optimisation (UMDO);
Unconstrained Starting Solution definition (USS);
Unconstrained Neighbourhood Search Optimisation (UNSO);
Constrained Starting Solutiadefinition (CSS);

Constrained Neighbourhood Search Optimisation (CNSO).

o k~ w0 DN PF
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In the first phase, each component of vegtsr optimised, assumingehvalues

of other components a®onstant. This phase may be addressed according to an
exhaustive or a mordimensional NSA approach which is carried out by
neglecting involved constraints. The second phase entails determining the first
starting solution by setting each component of megtat the optimal value
obtained by the previous phase. In the third phase, involved constraints are
neglected as well and &SAapproach is performed. In this phaisés possible

to rely on bothSDM and RDM techniques. The fourth phase analyses hal t
solutions generated in the previophases, selecting the one whighiimises the
objective function andjointly, satisfies constraints. Finally, the last phase
performsthe NSA by considering involved constraints. In this case, N8A

technique is imlemented by means of &DMapproach.

Similarly to theNSA this algorithm, in many cases, is performed asrsukine

of more articulate metaheuristic procedures, as we will shortly see.

Within this framework Gallo et al. (2010; 2012) developed metaistic
procedures for solving the network design problesspectivelyin urban and
regional contexts. Moreover, Gallo et al. (2011a) proposed a multimodal
approach for bus frequency design, tivaprovedin the case of rail frequencies

in Gallo et. al.(2011b). In addition, Hassannayebi et al. (2016) proposed a
Variable Neighbourhood Search (VN&porithm for minimising the average
passenger waiting time in the case of a partial line blockage and Sama et al.
(2017a) implemented the same optimisationhmégue for addressing the
problem of train scheduling and routing under disruption conditions. Moreover,
Canca et al. (2017) developedadaptive Large Neighbourhood Search (ALNS)
algorithm as resolution method for a complex problem which involves both
nework design and line planning issues. Finally, De Los Santos et al. (2017)
addressed a frequency optimisation problem, in a@uoshted perspective, by
comparing a heuristic local search algorithm with three diffeloptimisation
techniques: a Mixed teger Linear Fhgramming (MLP) model, a MIFbased
iterative algorithm and a shortgsath based algorithm. In particular, travel
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demand and competition among modes are taken into account and numerical
results, both on test networksd over a real contexshowthat heuristic local
search provides the best compromise between computational effort and solution

quality.

Tabu ®arch (TS) algorithm is a deterministic method proposed by Glover
(1986) and formalised by Glover (1989; 1990). Basically, it is a search approach
whose peculiar feature, as the name itself implies, consists in making prohibited,
namely tabu, the opposite of theimate move carried out, in order to avoid
going back to previouslyisited solutions. In particular, this method is based on
the use of a memory structure, knowntabu list which can adopt a short,
intermediate or longerm memory criterion. However, order to avoid that the
search gets trapped at a local minimum, an aspiration criterion, generally based
on the objective function values, is set up. It states that the solution accessible by
means of a forbidden move can be accepted if no improving naoges/ailable
outside the tabu list. Clearly, at each iteration, it is necessary to update the tabu
list, generally by means of AFO approach: the move entering is the opposite

of the ultimate action carried out and the move exiting is the one which has
remained on the list for the longest time. Obviously, there are many variations
which enrich this basic version, forstanceby considering the frequency with
which certain types of solution have been analysetlyontroducing random

elements.

In this context, Ho and Yeung (2001) addressed the problem of train conflict
detection and resolution in real time, by performing a Tabu Search optimisation

and comparing its performance with those of other heuristic methods with
different neighbourhood definitien Corman et al. (2010kealt withthe same

problem, by implementing a Tabu Search technique in thetineal traffic
management system ROMA which is based on the alternative graph model
(Mascis and Pacciarelli, 2002loreover,in Corman et al. (2010b¥imilarly to

the previously cited contribution, different neighbourhood structures are
assessed and the results are compared with thoseeotainby DO Ar i ano

86



(2007;2008) which implementedespectively a branch and bound algorithm
and a local seahcmethod. Silvestrin and Ritt (2017) proposed a methodology
for solving a particular vehicle routing problem which deals with vehicles with
multiple compartments. The suggested procedure can be considered as an
iterative local search method where the immated local search technique is a
Tabu Search algorithmMore in detai] the starting point is a local minimum
obtaired by applying any local seardinen at each iterationthe current local
minimum is randomly perturbed and the Tabu Search is implecémtorder to

move on to another local minimum. The stopping criterion is based on the
number of consecutive iterations which provide an improvement on the
incumbent solution. Dewildea et al. (2014) described an optimisation procedure
for increasing theabustness around large railway stations, which may represent
a bottleneck for the whole system, based on the investigation of the interaction
between the routing and scheduling of trains in the vicinity of the analysed area.
Therefore, a route choice modudnd a timetabling module are implemented and
the timetabling problem is addressed by means of a Tabu Search algorithm,
whose aim igo increase the smallest minimumme span between two trains so

as to improve the reliability of railway operat®nMoreover, a simulation
module is introduced to evaluate the achieved performance in the examined

region.

Simulating Anealing (SA)is a stochastic metaheuristic method proposed as
optimisation technique for the first time by Kirkpatrick et al. (1983). It is
inspired by the process of annealing in metallurgy, i.e. a process by which a
solid is firstly brought to the fluid state, by means of heating to high
temperatures, and then brought back to a solid or crystalline form by gradually
reducing the temperature.t A2 high temperature, the atoms are in highly
disordered state and so there is a high level of energy in the system. In order to
bring such atoms to a highly ordered (statistically) crystalline state, the
temperature must be lowered. However, a fast remtuctan cause flaws in the
crystalline grid with consequent fissuring and fracturing of the grid itself

(thermal stress). Annealing proceeds to a gradual cooling of the system,
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precisely in order to avoid this phenomenon. Although, in general, theisolid
inclined to turn outinto states with a lower level of energy, there is a slight
chance that it increases its energy. This probabikfyedds on the temperature
andthe variatios of energy level associated with the transformation between the
two statesln particular, it is regulated by thdetropolis criterion(Metropolis

et. al., 1953) according to which the probability of transformaticreases with

the increasing ithe emperature and the decreasindhia energy gap. It is this
very criterion wheh determines if the solution being studied can become the
new current solution or not. More precisely, the analogy between the physical
system and the optimisation method is based on the following correspondences:
the states of the physical system coroggpto the solutions of the problem; the
position of the particles corresponds to theue of decisional variables; the
energy levelrelatedto a certain state corresponds to the value of the objective
function which is associated with a certaglusion. While, the temperaturkas

no a direct analogy, but it represents a control parameter which implicitly
defines the region of the state space being explored by the algorithm in a
particular phase. At high temperatures, since bad solutions are easilyed¢ccept
the SAalgorithm can cross almost all the state space. Following on, by lowering
the value of the control parameter, the algorithm is confined to increasingly
restricted regions of the state space. Therefore, it can be statedtthaih
temperatureshe algorithm behavesiore or less as a random seanchijle, at

low temperaturesthe SA is similar to the steepest a@esmt methods. The
algorithm stop when the temperature value needed to terminate the annealing
process is reached artence there ag no further possibilities for improvement

in terms of objective function.

This method has been implemented for solving many different transportation
problems such asninimising timetable cycle time (Burkolter, 2005), finding the
optimum stopskipping p#erns in urban railway systems under uncertainty
(Jamili and Pourseyed Aghaee, 2015), solving conflicts in railway traffic under
disruption conditions (Tornquist and Persson, 2005), optimising energy

consumption in train operatisrfKim and Chien, 2011)Moreover, it has been
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adopted in the case of raar fleet sizing problem (Sayarshad and Ghoseiri,
2009), railway crew scheduling problem (Hanafi and Kozan, 2014), track
allocation problem at railway stations (Wu et al., 2013), train platform problem
(Kang et al., 2012), train transfer problem (Kang and,Z16), transit network

optimisation problem (Zhao and Zeng, 2006), bottleneck routing problem at
railway stations (Wu et al., 2013) and location routing problem with

simultaneous pickup and deliveryMnd Lin, 2014).

Regarding the evolutionary techniqu&gatter Search (S®)ethods (Goldberg,
1989; Holland, 1975; Srinivas and Patnaik, 1994) andGheetic Algorithm
(GA) (Glover et al.,, 2003; Laguna, 2002) are addressed in the following. In
particula, differently fromthe case of.ocal Searchwhich is characterised by a
neighbourhootbased approach, evolutionary procedures are populbdised

problem solvers and are inspired by principles of biological evolution.

As shown by Marti et al. (2003), thasic framework of th&catter Searclean

be described as tlsaim of the following fivanethods.

1. Diversification Generation Methodimed at generating a collection of
diverse trial solutions starting off from a seed solution. It is important
that the gemated trial set is characterised by a high variety of different
solutions, so as to cover different parts of the solution space.

2. An Improvement Methodepresented by an algorithmic subroutine (e.qg.
NSAor HLSA aimed at transforming a trial solution intoeoor more
enhanced trial solutions. However, there is no guarantee of
improvements and, hence, if no enhancing is possible, the improved
solutions are considered to be the same which have been generated in the
previous phase.

3. A Reference Set Update Methaiched at carrying out a reference set by
selecting all the enhanced solutions or only a part of them, taking into
account their quality, according to objective function values (good
solutions), and their diversity in terms of distance from the best @oluti

(scattereesolutions). By including scattered solutions in the reference
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set, the algorithm is empowered to explore regions which, otherwise,
would remain unexplored.

4. A Subset Generation Methaimed at manipulating the reference set, in
order to produe a subset of its solutions as a basis for creating combined
solutions.

5. A Solution Combination Metho@imed at obtainingone or more
combined solution vectors from the subset of solutions generated in the

previous phase.

The output otthe fifth phase istien improved, as described in the second step,
SO as to create a new reference set and so on. The procedure stops when the
reference sets in two successive iterations are equal or wheffigepraumber

of iterations is reached.

By moving to theGenetic Agorithms the evolutionary rationale is more evident,
starting from the terminology adopted: each solution is indicated as a
chromosome and each solution component as a gene. This method can be
summarised in the following phasesitialisation, selection reproduction and
termination The first phase is aimed at generating a set of initial solutions which
represents the initial population. In the second phase, two fundamental tasks are
carried out. First of all, for each chromosqgntiee objective functiorand the
related fitness function are calculated and, then, on the basis of these values, the
parent selection is performed. It consists in extracting the best solutions from a
population so as to enable them to successfully pass on their genes to the next
generation. This step can make use of many different technigues such as roulette
wheel selection, fithess proportionate selection, rank selection, random selection,
tournament selection and stochastic universal sampling. Therefore, once two
elements haveeen selected as parents, the reproduction phase is performed by
means of two processes: crossover and mutation. The former produces an
offspring by combining two different solutionsgii.parents)while, the latter by
producing random variations to a gi@ parent. Then, the best solution in the
previous population is enriched by the generated offspring and the procedure
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carries on from the selection phase, until the maximum number of iterations is
achieved or the optimal values of objective function #re same in two

successive iterations.

Contributions related to the implementationsoth evolutionary techniques in
transportathn optimisation problems conceseveral issues: network design,
routing and scheduling problems, timetabling and rescheduling tasks and energy
consumption optimisation, as set out bel@®® Aci erno et al . (20
different network design problems, related to urban and-exira (i.e. rural)
contexts as well asbad and transit transport modes, by implementing Scatter
Search and comparing the results with those obtained by means of other
metaheuristic techniques such as Genetic Algorithm and Local Search methods.
Moreover, Khoohn et al. (2015) proposed a mixed network design problem
with the aim of maximising the reserve capacity of the whole system andl solve

it by means of a hybrid Scatter Search method which incorporates the golden
section search; whilezhang at al. (2012)mplemented botl§Sand GA for

facing a stochastic trawéilme vehicle routing problem with simultaneous
pick-ups and deliveries. Similarly, Sun et al. (2014) proposed a genetic
technique for solving a train routing problem combined with train schedbiyng
taking into account average travel time, energy consumption and passenger
satisfaction. In addition, Albercth (2009) proposed an automated timetable
design method, characterised by a demamented perspective, in which the
computation of optimal dep@are times is performed by means of a Genetic
Algorithm. Likewise, Niu and Zhou (2013) implemented a Genetic Algorithm,
based on a binary coding approach, for solving a timetable optimisation problem
in an urban rail line, by considering the time variapibf travel demand and a
multiple originto-destination demand pattern. Furthermore, Dundar and Sahin
(2013) addressed a train rescheduling problem by implementing a Genetic
Algorithm for minimisng delays in conflict resolutions, together with an
artificial neural network approach for simulating decisiaking process of
dispatchers during the failure management phds:g (2012) combine@
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Genetic Algorithm with simulation techniques in order to identify the optimal

energysaving strategies to be impiented.

The Ant Colony Optimisation (ACQjethod, instead, belongs to the family of
swarm intelligence methodologies, based on the modelling of the collective
behaviours of social insects, such as colonies of ants and termites or flocks of
birds, which adpt decentralized control and selfganisation. TheACO was
introduced by Colorni et al. (1992a; 1992b) and Dorigo (1992), and its basic

principles are described in the following.

The idea was inspired by the exploitation of food resources by ants. These
insects, although within the limits of cognitive capacities of the single ant, are
able to collectively find the shortest path between a source of food and their nest.

This is because they leave a trail of pheromones which attracts other ants.

‘ Initial path | ‘ Improvement |

explorer

followers

AN

pioneer

Shortest path

followers

Figure2.17 Ants behaviour

Specifically when an ant is exploring an area in search of food, it leaves a trace.
If it finds food, it returns and thusinforces the trace. Hence, since pheromones

are subject to evaporation, the sketpath will contiruously be reinforced and
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will become the mst attractive; while, the longst path will end up by
disappearing and so, finally, all the ants will take the shortest path
(figure 2.17).

The mathematical formulation adopted by the algorithm to model this

phenomenon is set out beloku.particular, the probability?"‘j (t) with which the

k-th ant, at the instanf moves from stateto statej belonging to the sel, is

expressed as follows:

e, 0r s, 0)
=g, 0F &, 0F 252

Pk

i

with
el .
s if i, j
i
Td"i
h; =i (2.53
0 otherwise
i
i

where U is the trail level of pheromone on the lirkj), i.e. a postéori
desiderability of the moved}; is the attractiveness of the move, i.epréori
desirability of the moveU is the control parameter for the trail ley@&? 0);
b is the control parameter for the attractivenélss 1); d; is the distance

between nodesand,.

The trial level of pheromone on the ligk) is updated as follows:
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where} is the pheromone evaporation coefficiédk } <1), nis the number of

ants, L, (t) is the cost, generally in terms of length pathk-ti ant, at instance

Q is a constant.

Many different variants of such method are presented the literature ant
system, elitist ant system, rablsed ant system, MAXIN ant system, ant
colony system. An extended overview of-ased algorithms can be found in
Dorigo and Stitzle (2004%everal transportation issues are addressed by means
of ACO techniques sth as assignment problems, optimal control theory and
energysaving tasks, vehicle routing problems andckeduling approachesor
instance D6 Aci erno at ACO. into (a M8Afairhewarknit e gr at e
order to solve atBchastic User Equilibriunassgnment and demonstratethe
convergnce of the proposed approach frartheoretical point of view by means
of Bl umds t,Keeebal €0i1) applred theeso called MMWAX ant
system, in order to optimise speed profiles of convoys between tiansthus
providing a support tool for implementing strategies aimed at reducing energy
consumption. In particular, in the proposed approach sigaialling sytem is
considered and a fuz#3ID gain scheduling mechanism is iraplented for train
accelerabn. Moreover, thanks to its efficiency in terms of calculation time, the
ACO is often implemented foreakttime management approaches. In this
context, Yan et al. (2016) proposed &CO technique for implementing
reattime energy saving policies in the case of high speed trains. In particular,
the heuristic information parameter is designed accorditigeteystem statysn

terms of delaysin order to adjust the trajectory planning procedure and allow
the convoy to reduce the energy consumption by exploiting trip time
redundancy. Likewise, Sama et al. (2016) impleme®€®D in order to deal

with the realtime problem of routing trains in a railway, which consists in
re-optimising the routing of convoys under diption conditions by identifying

the potential best routing alternatives for each train and deciding which to
implement with the purpose of-establishing ordinary conditions as soon as

possible. In addition, Sama et al. (2017b) implemeA&D for the sane
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problem (i.e. train routing selection problem) by comparing its appliGadiach

the relative issuesn the case of two different dimensiomgmelythe tactical

level andthe operational stagd-urthermoreACOtechniques were implemented

to address aailway junction rescheduling problemhen a delay occurs, both in
dynamic and static environmentgspectively by Eaton and Yang (2016), and
Fan et al. (2011). The latter also provides an interesting comparison between
ACOand othesevenoptimisation @proachesamongwhich Genetic Agorithm,

Tabu Search and@ulating Annealing.

Obviously, theabove mentionedontributions cannot in anyay be considered
exhaustivewith regard tahe copious number of applications of thes#teques
in the field of rail service management; howeyéney may make the reader

aware otthenumenpus potentialities of such méiauristic approaches.

2.8Energy issues related to railsystems

In recent years, besideaproving performance of rafystems so as to drive the
modal split towardsuch asustainable transport modéus reducingpollution
and congestion effects due poivate car usegonsiderable attention has been
focused orenergy issues for reduciremergy consumptioof systems based on

a rail technology.

For this purpose,ifferent approaches haleen proposed ithe literature, such
asthe adoption of ecdriving profiles,theregenerative brakinghe introduction

of timetable adjustmest the exploitation ofon-board and wayside storage
systemsthe use ofreversible substations. Clearly, they atectly related to
each otherln particular, the design of energyficient speed profile consists in
identifying thepatternwhich minimises the tractive energy samption, given a
running time to be respected (see, for instance, Albrecht et al., 2013; Miyatake
and Ko, 2010); while strategies based on the exploitation of regenerative
braking aim to rause the amount of kinetic energy produced during the braking
phase by converting it back to the electrical one. In this case, the trawttor

acts also as a generatord the recovered energy can be used at the exact time or

stored for later use by means of energy storage devices. For instance, an
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onboard storagdevice allows to temporarily accumulate the excess regenerated
energy and release it for the next acceleration phase of the same train (see, for
instance, Miyatake and Matsuda, 2009; Steiner et al., 2007);,wel@im of a

wayside storage device is t@ f eas e it when required

acceleration (see, for instance, Romo et al., 2005; Teymourfar et al., 8012).
this context, aimetable optimisationaimed at synchronisingcceleration and
deceleration phases of convoys operating in the ar&twepresents a key task

for maximising the receptivity of the line (see, for instance, Kim et al., 2011;
Nasri et al., 2010; Ramos et al., 2007; Yang et al., 2013). Additionally, the role
of an energyefficient timetabling phase lies in asuitable desigh of all
operational times involved, such as running times, buffer times, dwell times and
reserve times (Canca and Zar zo, 2017;
2007).Moreover, by means of reversible or active substatitiiesregenerated
energy can lao be traced back to the medium voltage distribution network
(Cornic, 2011; Ibaiondo and Romo, 2010).

An extensive overview of regenerative braking issues and energy storage
systems, together with the abewentioned related concerns, can be found
respedwely in Ghavihaa et al. (2017), and Gonzals et al. (2013). This
work, instead, is focused on strategies involving the design of suitable speed
profiles and the optimisation of operational times within timetable in an energy

saving perspective.

Regardhg the ecedriving profiles, first of all it is necessary to introduce the
reference scenario, indicated as Thme Optimal (TO}cenario, which consists
in considering the movement of the convay the case ofmaximum
performance. It foresees a firsarp in which the train adopts the maximum
acceleration value in order to reach the maximum spmazkleration phse, a
second part at constant spdeduising phasg and finally, there is a braking
phase until the convoy draws to a hale¢elerationphasg. For the sake of
simplicity, we will refer to a motion diagram of the trapezium type (jakie

e g u al,epresddted indure2.18
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Figure2.18Speed profile in the case offane Optimal (TO¥trategy

The total travel time between two successive stops (i.e. stations or red signals),

in this case, may be calculated as follows:

tTO =t

cc+tcru +tdec (25@

al

wheretyo is the travel time in the case 0O strategyitacc is the time duration of
the acceleration phasg;, is the time duration of the cruising phase; angis

the time duration of the deceleration phase.

This condition of maximum performance corresponds to the minimum travel
time and the maximum energy consumptidn. this context, two different

ecodriving strategies can be adopted, which conmsigpectively in:

1. inserting, between the cruising and the braking phases, a further stage
which is the so calledoasting phaseluring which the convoy moves by
inertia (figure2.19);

2. reducing the value of maximum speed (figar20).
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Figure2.19Speed profile in the case Bhergy Saving (ESjtrategy 1
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e 1
Figure2.20Speed profile in the case Bhergy Saving (ESStrategy 2

The first strategy requires reporting to the train the switching points for the
coasting phase; while the second one is more straightforward to implement,
since it requires simply communicating a different speed limit. Therefore, the
technological level othe rail system may affect the cheidbetween these two

approaches

However, the total travel time between two successive stops, in both cases,
increases.In particular, for the first strategythe total travel time can be
expressed as follows:

tESl = tacc + tcru + tcos + tdec (257)
tes =l + Deg (2.58

wheretgs; is the travel time in the case of the fiEs$ strategy;tcos is the time
duration of the coasting phaspis; is the increase in travel time in the case of

the firstESstrategy with respect fbO strategy.

While, in the case dhesecond strategyt can be calculated as follows:
tESZ = tacc +tcru + 1:dec (259
tESZ = tTO + DESZ (ZGQ

wheretgs; is the trael time in the case of the secoR® strategy;mpis. is the
increase in travel time in the case of #exondES strategy with respect t6O

strategy.
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In order to derive the increase in travel tires,
E(n)=fj dE(t)=f] Ple)dir =ff T(v(e))r)air (2.69)

be the mechanical kinetic energyrequired to move a rail convoy during time
interval 2. In particular,dE(¢) is the increase in kinetic energy at tirhe 7 is

the generic time instanB(¢) is the instantaneous power at time dz is the
generic infinitesimal time interval(f) is the instantaneous speed at timer(Q

is the tractive effort (i.e. tractive force) at rail wheels which depends on

instantaneous spe&().

Therefore, bymposing the constancy of the section length, the increaseval tra

time for the first strateggan be formulated as follows:

o S1

D5= 1" vrolt) @it = [§™ ves (¢) Gt (2.62

where s is the track length between the two successive stops analys@lis
the speed profile in the caseTD strategy as shown in figur@.18 veq(Qis the

speed profile in the case of the fiESSstrategy as shown in figu&19
Similarly, for the second strategy:

S2

D5= 3 Vrolt )Gl = ™ ves, (¢ ) it (2.63

whereveg(Qis the speed profile in the case of the sedBBdtrategy, as shown

in figure2.20

Hence, ecalriving policies are based on the adoption of speed profileshwhic
are distant from thosat maximum performance and, thus, provide a longer
travel time. This implies thathey are feasible only if there is an extra time
availability on a given line service. This time is generally knowreasrve time.

In order to clafy this concept, it is worth analysing the different time rates
which concern the timetable design phasegarticular, as alreadsaid this task
involves the computation of running times between two stops, dwell times at

statiors for the boarding/aligting process, buffer times and layover times.
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Buffer times are generally set up during the design phase in order to address
possible delays orsimply, eventual fluctuations which can occur during the
service, given the stochasticity of the phenomenon gb&ramined. It is
sufficient to think, for instance, that inevitably every train driver drives in his
own way, but even the very same train driver might drive in two different ways
on two different days. Obviouslyhe lower the level of automatiorthe higher

the relevance of the stochastic nature of the involved factors. The layover time is
a time spent by the convoy at the terminus. The minimum layover time is
represented by the inversion time and, eventually, by the time required for
possible shuntingctivities.Moreover,there could be an additional time interval
that goes between when the convoy is physically ready to undertake the run in
the opposite direction and when it can effectively depart according to the
timetable indicationsHowever, in cdain cases, with the term layover time is
indicated exclusivelyhis furthertime rate, while the inversion time is computed

in the cycle timeFor the sakef completeness, also synchratien times for
making available transfer options for passengeasm be taken into account.
Hence, the abovmentionedextra time availabilitycould involve running time
reserve, dwell time reserve, buffer time and eventual time exapta layover

time atthe terminus.These times are properly scheduled during tmetable
design phase by increasing the minimum times required for the service. For
exampleas totravel time, the International Union of Railways (UIC) suggested
increasing the minimum travel time by a percentage-8f%. Obviously, the
possibility of exploiting these extra time$or implementing such engy saving
strategiesis subjecto the preservation of timetable stability and service quality.
Therefore, the identification o&n analytic framework foiquantifying in a
reliable manner the timetable rates involvadthe implementation of energy
saving strategiesas well aghe definition ofan optimisation model which takes

into account the tradeff between ecalriving profiles and passenger neesn

out to befundamentalMoreover,it is worth noting thatin a rail contextES
strategies are commonly implemented between two successive stopsjmaile

metro contextthe most suitable approach corsigt examining the whole
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outward and return trip, given éhfact that the service is frequerugsed
(Cepeda et al., 2006; Fu et al., 2012; Nuzzolo et al., 2012), which means that the
parameter to be respected is the headway between two successive convoys
rather than a timet#dy generally unknown to user§herefore, in thecaseof

metro systemsthe energy saving strategies are implemented by considering
arrival and departure times at the terminus, rather than at each station.

However, according to the literature, these techniques can be applied separately
by addressing idividually the design of enereggfficient driving profiles (see,

for instance, Chuang et al., 2008; Yang et al., 2012) and the optimisation of
operational times within the timetable (see, for instance, Albrecht et al., 2002;
Lancien and Fontaine, 1981) or, mémrequently in an integragd frameworklIn

this context, Li and Lo (2014) proposed a train control apprdaased on an
optimisation model which combines energgfficient timetabls and speed
profiles. In particular, the procedure is characterised by a dydagyuat since

it provides a dynamic adjustment of the cycle time on the basiawa demand
changes, in order to minimise the energy consumptinareover,a linear
approximation method is implemented with the aim of dealing with a convex
optimisation problem, whose restibn is performed by means of the
Kuhni Tucker conditionsScheepmaker and Goverde (2015) developed a nested
optimisation framework in which, by starting from the planned total running
time, energyefficient speed profiles are derivelllore in detai] the optimal
cruising speed is defined by means of the outer loop of the Fibonacci algorithm
(Mathews and Fink, 2004; Siegler, 198%&hile, in the inner loopthe bisection
method computg for the given cruising speethe optimal switching points of

the coating phase. Moreover, different distributsorof running time
supplements are tested and compared in terms of serviceiglitycand energy
consumption. Sicre et al. (2010) devised simulatiorbased optimisation
procedure in which the simulatiomodel povides the most energgfficient
driving profile, by computing energy consumption Paretoves for each
stretch, and the optimisation tool allocatethe total running reserve time

availablein the most efficient way among the different stretcAd® proposed
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simulation techniquéeals witha manual driving modand, specifically, allows

to carryout a large variety of manual driving strategies by combining different
sections of holding speeditiv different coasting windows-eng et al. (2017)
enricha the common optimisation framewonkhich combined energy control
strategies with a suitable design of opersl times by performing the
estimation of dwell times at statisas function of the number of passengers
involved in the boarding/alighting pcess. By considering dwell time as a
flow-dependent factor, rather than a fixed value, cleaalymore realistic
computation of dweltime itself can be carried outut, most importantly, dwell

time margin, which plays a key role within the implemeptabf energy saving
strategies, can be derived with a high degree of accuMoyeover both
manual (Acikbas and Soylemez, 2008; Lukaszewicz, 2000; Wong and Ho,
2004a) and automatic (Carreno, 2017; de Cuadra et al., 1996; Dominguez et al.,
2012) drivingsystems have been investigatedheliterature.

As already touched upon, the most common methodologies for analpsse
strategies are simulatidmasedtechniques. In this context, Zhao et al. (2015)
develped a multtrain simulator andincorporatedit into an optimisation
framework whose aim is to minimise the traufé between energy consumption
and delay penaltyAdditionally, both exhaustive and metaheudsapproaches

are compared to optimise train operai@uch as enhanced brute force, ant
colony optmisation and genetic algdmin. Moreover, Sicre e al. (2012)
developed an offine ecaedriving design model based osimulation tasks,
whose aim is defing manual energfficient profiles in terms of easily
interpretable and executable commsanfor the driver and implemented a
genetic algorithmas optimisation search techniquin particular, the proposed
approach takes into account also passenger satisfamtionconsides very
detailed parameters such as maximum number of commands, minimum
separation between commands and minimgpraed of arrival astatiors. De
Martinis et al. (2014), and De Martinis and Weidmann (2015) merged a speed
profile optimisation toal based on a genetic algorithm as subroutine, with a

micro-simulation model whichaproduces the interactisamonginfrastructure,
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signdling system, rolling stock and timetablén addition, he proposed
methodology can be implemented for raale reschedulingasksby updating

the timetable database informatibme after time Other reattime approaches

can be found in Chang and Chu{gp05, Corman et al(2009 |, D6Ari ano a
Albrecht(2006, Sheu and LinZ011).

Regardingthe adoptedresolution methods, analytical approaches for riode

ES stategies have been proposed Alprecht et al.(2013, Howlett et al.
(2009, Khmelnitsky (2000, Kim and Chien(2011), Liu and Golovitcher
(2003). However, as already pointed out, givthe complexity of the matter
which involves different comgnents whose interactions have to be mbdd

with a high degree of detail, also several metaheuristic techniques have been
implementedsuch as genetic algdnih (Ding et al., 2011; Huang et al., 2015;
Keskin and Karamancioglu, 2015nt colony optimisation (Ke et al., 2009; Lu

et al., 2018; Yan et al., 2016)simulating anealing (Kim and Chien, 2011).
Furthermore, there are some contributions which combine evolutionary
techniques witha fuzzy logic (Bocharnikov et al., 2007; Sicre et al., 2044)

well as withartificial neural network appezhes(Acikbas and Soylemez, 2008;
Chuang et al., 2008).

Several works incorporatd the energy saving perspective in a
multi-objective frameworkindeed, ecalriving speed profilesgenerally imply

an increase ittrain running times and, #refore, in pasengetravel times. For
this reason, several authors focused on the -wédeetween energy saving and
passenger satisfaction (Chevrier et al., 2016; Corapi et al., 2014; Ghoseiri et al.,
2004; Xu ¢ al., 2016b Yin et al., 2017)More in generalCucah et al. (2012),
Toletti et al. (2016), and Tonosaki et €2016) analysed the relation between
energyefficient strategies andtability of the planned timelde; while, Feng et
al. (2014) analysedalso the utiligtion rate oftrain capacity resultindgrom the
implementation of energyaving strategies. Finall{Canca (2017) compardie
minimum-energy timetablewith those obtained by taking into account also
rolling stock and other operational costs.
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CHAPTER 3: PROPOSEDM ETHODOLOGY FOR M ANAGING RAIL
SYSTEMS BOTH IN ORDINARY AND DISRUPTION CONDITIONS
The proposed methodological framework has been conceived as a
decisionmaking tool forhandlingrail operations, both ithe planning andhe
managemenphase by duly taking into account spatiene variability of travel

demand and adopting a passerggented perspective.

Railways represent a strategic sector for chandimgbalance of transport
modes, given the high lelvef sustainability and performanaehich they offer,

and, therefore, a valorisation of such systems is imperative. For this purpose, a
two-fold action is pursuedthe improving in service quality to attract users from
other transport modes with greatewgonmental impacts (such as private cars)
and, on the othehand the reduction in energy consumption by means of
suitable energy saving strategies. Therefore, in order to perform a realistic
assessment, a modelling of rail operations which duly cormssideinteraction

with travel demandas well as relativeenergy consumption implicationss

required.

TRAVEL DEMAND RAIL OPERATIONS

Electric
substations

Estimation of
passengers’
Travellers’ flow

needs

Dispatching

Train On-board/way-side
control storage devices

Passengers’
satisfaction

Public grid
& Market

Rescheduling

Figure3.1Rail operations and their interactions with travel demand and energy syste

In figure 3.1, the three systemsf concern(i.e. travel demandrail operations

and energy) are shown, together vilikinteractions existing amortgem

In order to be able to implement the above descritEdeworkon a practical
basis,so as to showts numerous applicative potentialities, it is necessary to

make use ofsuitable simulation techniquesproperly integrated intad-hoc
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developedoptimisation tools, which enableon one handthe acquisition of
knowledge ofthe effects of any interventipbefore this is carried ouand, on

the otherthe identification othe best resolution strateggcording tahetarget

pursued
g . Constraints
Ob]ecflve Decision and feasible
function variables .
region
, o e e e e e e e e e e e e e e e e e = -
/ Estimation and \
pr— forecasting \
I techniques I
I Travel Demand I
I . Model
| Stochasticity 1
I Pre-Platform > Supply |
| Model -+ Model 1
1 v I
: JA > 1
! Failure > Service ] % On-platform
1| Model Simulation Model | Model 4 I
I el |
A
| Modelling of 1
I — passenger 1
behaviour 1
| Energy saving Snowball
\ i !
strategies effect
(N 7/
N - _
— Optimisation framework
= hasic simulation architecture
e extended simulation architecture

Figure3.2 Layout of the proposedppro&h

In particular, the proposesimulatiorroptimisation integrated approgdtepicted
in figure 3.2, can be deomposed into thre@&ihdamentaparts:

1. the optimisation framework;
2. the basic simulation architecture;

3. the extended simulation architecture;

whose details will be provided in thelowing.
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3.1 Optimisation framework

In this sectionthe problem of identifying the optimahtervention strategyor
addressing a system failuns formalised asa bilevel multidimensional

constrained optimisation problewhich can bespecifiedas follows:

= arg;ninz(y, fc,tnp,mp,td) (3.0
vI'Sy

subject to:

2= arggninz(y, fc,tnp,mp,td,in°,rs°,ss’, pt) (3.2

with:

Z(y, fc,tnp,mp,td) =

p

- e
= a b\llo-r %j\l/vaiting Ca a‘ a t\NIS:rD(y’ fC,tnp,rnp)C)‘v\/'Sjrp (td)+ (33)
i (;; s r

o

+o, ()@ & th”(y, fe.np.mp)Cbl” (td)c
| r :

where y is the vector of parameters which identifies the intervention strategy;
E is the optimal value of vectoy; S, is the feasibility set of vectoy (i.e. the

set identifying all feasible operational strategies);s the objective function to

be minimised; fc is the vector of parameters identifying the failure context;
tnp is the vector of grameters identifying the transportation network
performancejnp is the vector of parameters describing network performance of
the rail system{d is the vector of parameters characterising travel demand;

is the simulation functionjn® is the vector defining rail infrastructure in ron
perturbed conditions; rs® is the vector describing rolling stock in

nonperturbed conditionsss’ is the vector representing the signalling system in

nonperturbed conditionspt is the vector reproducing the planned timetable;

i
bwaiting

is a parameter which expresses the relevance (i.e. relative weight) given
by users belonging to categoryto waiting time tw‘s'fp is the average user

waiting time of user categotiyat stations, on platformp between rur{ri 1) and
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runr; fw', is the number of passengaf user category waiting at statiors,

on platformp between run(ri 1) and runr; 5 (td) IS a parameter which

on board
expresses the relevance (i.e. relative weight) given by users belonging to
categoryl to onboard time and depends on the crowding level within the coach
(i.e. it assumes a different value depending on whether the considered users are

standing or sitting)th'* is theaveragegime spent by user of categdrgn board
the rail convoy associated to ruaffor travelling on linkl; fo'* is the number of
passengers belonging to categbryho travels on the rail convoy associated to
runr while crossing link; &, expresses, for each user categompe amount

of money people are willing to spend for saving one hour of travel time.

In particular, the vector which idefies the intervention stratedy.e. y) can be

viewed asnade up byour components:

y, expressing the strategy type implemented (e.g. inversion with
passengers eboard, inversion after unloadj passengers, recovery on a
maintenancedrack, waiting for a rescue mesgnre-routing, skipping some
stops);

y, expressingwhenthe strategy has to be implemented (e.g. as soon as
possible, during the outgoing trip, during the return trip, during the layover
time at the terminus);

y, expressingvherethe strategy has to be implemented, intended as the

station whereao takeaction;

y, expressing specific features of the intervention strategy (e.g. the use of
a rescue vehicler the use of a spatein).
Obviously, thepossiblepresence ofnfeasible combinabins, for technical or
regulatory reasons, has to be properly taken adoount. Br instance the

recosery on amaintenance track can be performed only in a station effectively

equipped with this kind of track; the faulty convoy can change direction only in
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a station with points ¢raccording to the Italian regulationan betowed by a
rescuevehicleonly if empty (i.e. no passengers-board)

Equation 8.2) defines the consistency constraint between transportation
performance anddwvel demand flow. Its formulation requires the adoption of an
articulate modelling framework, which represents the simulation architecture of
the proposed approach. More details about its basic and extended structures will

be provided in the followingectiors.

Finally, the objective function3(3) is expressed in terms of user generalised
costs, given thepassengeoriented pespective adopted in this work. In
particular, only waiting and travel times are considered, since they are the only
two parameters which change during the simmaof the different scenarios;
while, the other attributesvhich remain constant, such as thematary cost, can

be neglected.

However, a ralti-objective approach can be adopted by means of more complex
formulations. For example, by considering also operational costs of rail

companies, objective functioB8.f) becomes:
Z(y, fc,tnp,mp,td,rc) = ,ec WGC+ by GFPEN + b, TOC (3.9
whererc is the vector of residual capacities of rail convadylreover:

1 UGCis the user generalised cost and, therefore, coincides with objective
function(3.3);

1 PENTrepresents the ext@ost perceived by passengers who are forced to
leave the system because of a disruption event or extremely crowded
conditions In this case, indeed, the increase in waiting times can lead
passengers to choose an alternative firassit system for reaching their

destinationThis term is expressed by the following equation:

PEN =3 & @& pl., doptw , +1is)B,0r (3.5
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where pl_, is the number of passengdeaving the system at statien
and on platfornp between runr¢l) and runr; optw, , is the time these

passengers have waited before leaviiyg;s the time necessary leave
the system and change transport mode. Moreover, except in the case of
an integrated fare schemes, this implies also an additional monetary cost

for buying another ticket.

1 TOCIs thetotal operational cost incurred by rail operators for each train

performing the service:

TOC=3 L, & Oy, (3.9

where L, is the length of the path performed by rurexpressed in
kilometres; c, is the cost petraction unitkm; ntu, is the number of

traction units composing the run

1 Bieer beey @nd b, are homogeneity coefficients which express the

relative weight of the objective function terms.

Moreover, thedescribedmulti-objective framework can be further enriched by
introducing other operational cost items and the evaluation of external costs, as

will be shownin the following

3.2Basic simulation architecture

The basic simulation architecture isven by four different models which
interactso as to replicate the anabd system features and modeldbasistency
constraint between transportatisgstemperformance and travel demand flow
(i.e. equation3.2). They are: theService Simulation Mod€5eSN, the Travel
Demand Mode(TDM), the Supply Model(SM) and theFailure Model (FM)

which is get involved when it is necessary to model pertucbaditions.

The SeSMprovides rail system performance as function of rail infrastructure,
rolling stock, signalling system, timetable and travel demanth in ordinary
and disruption conditions. It is perfoed by means of a microscopic
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synchronous raisimulation software which is able to modké service with a
high level of detail.

TheTDM is subdivided into two sulnodels:

1 thePre-platform mode(PPM) which provides the number of passengers
arriving at station atheresultof interaction with the saply model;

1 the On-platform model(lOPM) which simulates the dynamic interaction
between rail service and travel demand occurring on platform, when a
train arives, during the boardinglighting process. This interaction
produces the so calleshowball effet: the number of passengers on the
platform influences the dwell times of trains at stations which, in turn,
cause increasing delays; this implies an increase in headways which
could generate more passenger flows on the platform (generally
proportional tothe headway increase), producing a further extension of
dwell times.In particular, ly considering dwell times as function of the
involved flows, the snowball effect can be modelled as fexed-point
problem. Moreover, theOPM duly takes into account capity
constraints of convoys and sgfecassumptions on passenderhaviour.

Its basic structure is based oirl&O (First In-First Ouf) queuingrule;
however, also different priority boarding patterrcan be edy

implemented.

The SM provides performance of all transportation systems within the study
area so as to allowto model the modal spliamongdifferent transport modes
and computea better estimation of the arrival rate at each station. As already
mentioned, it interacts with tHePM by generating durtherfixed-point problem

as described iparagrapl?.1.6

Finally, theFM provides the failure scenarios to be analysed bsnsmef the
implementation of theRAMS Reliability, Availability, Maintainability and
Safety)techniques CENELEC, 1999) with allow to estimatehe probability of

failure for any element of the network (e.g. damage to a convoy, block of a track
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section, breakdown of a signalling system devea) calculatethe effects on
the rail system.

By specifying the formulation of eachodel and considering their interactspn
equation 8.2) can be rawritten as follows:
gtnp = SM(mp, td)

I mp = sesMy,FM (fc,in® rs°,s<°),td, pt) (3.7
ftd =OPM(mp, PPM (tnp,mp),FM ( fc,in®,rs®, ss

where all parametetsgave been described before.

3.3 Extendedsimulation architecture

This section aims at improving the basic structure described in the previous
paragraptwith more detailed modelling technigues, which make theilsition

more realisti@andenhancehe accuray of the analysis carried out.

Firstly, the micresimulation framework performing theSeSMis enriched by
introducing theexplicitly modelling of the stochastic nature of the involved
factors, as well as the possibility of simulatinthe implementation of

energy saving strategies.

Moreover, the dynamic interaction betweenpatform flows and rail service,
leading, especially in crowded contexts, to #mwball effectis explicitly
considered by developing a suitable tool whichhb& to compute dwell times as
flow-dependent factors, rather thdixed values. In particular, the proposed
method is based on the implementation of @M which simulates passenger

behaviour orplatform when a train arrives.

Furthermore the OPM is entanced by introducing the possibility of modelling
different behavioural patterns for passengers during the boarding/alighting

process.

Finally, also thePPM is improved by means of the developmenttiaivel
demandestimation and forecasting (i.e. lotgym evaluation) techniqueshich

are customisetb the case afail systems.
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In the following, each one of the abeweentioned improvements will be

described in detail.

3.3.1Stochastic simulation framework

In this case, the involved variables are viewed as the sum of average values and
random residuals, ratheéhan as fixed values. For this purpose, X is the

considered multivariate random variable, it has the following expression:
X=X+ (3.9

where X is a fixed vector whose elements are the mathematical expectations
(i.e. first moments or means) thfe elements ofX (i.e.X = E[X]) and U, is the
random residual ofX , distributed according to a certain statistical rdlg(Q,

that is:
ij ~Gx(ox) (3.9
where U, is the vector of parameters of the adopted statistical distribution.

Thereforejt can be stated that

[y, fc,tnp,rnp,td,in°,rs°,ss°,pt] =

+ (3.10
+ [Q”QC ’an’qnp’Qno ’QSD 'Osé’ ’Opt]

Clearly, the deterministic approach can beol#ained merely by setting the

vector of random residuals (i.&}, ) equal to zero.

By implementing suchapproach it is possible to model different stochastic
parameters which affect the analysed system such as train performance (e.g.
speed and acceleration), travel times, dwell times and delays. Moreover, the
stochasticity of travel demand can be taken into acdoyetxplicilty modelling

the distribution of passengédilows. Regarding the randomness ctorrence of
failure events, it is worth noting that it iacluding into the Failure Model

which, as stated above, implemetits RAMStechniques.
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In addition to thepossibility of taking into account the random nature of single
elements, a stochastic approaalso allows to performa global analysis of
robustness ofthe recovery solutionsobtained bymeans ofa deterministic
approach. In particular, a twsiep procedure is proposed. Firstly, by means of
deterministic microscopic simulations, the optimal intervention strategnd

its neighbourhoodN(fz) areevaluated, foeach failure context. The considered
neighbarrhood consistan all corrective actions providing objective function
values close to the minimum cost (i.e. objective functions calculated in the case
of strategy k). The second step consisn carrying out numerous microscopic
simulations, by changing stochastically the input parameters, in order to perform

a sensitivity analysis of the deterministic solution obtained (ig. thus

providinginformation about the degeeof reliability ensured by it.

3.3.2Decision support system for implementing energy saving strategies

This sectiondeals with an analytical methodology develoged enabling an
accurate computation of operational times witiie timetableso as to properly
support the implementation of edoving strategies. Indeed, as already
explained, such strategies imply an increase in running times of convoys and,
therefore, they are feiade exclusively if there is possibility of exloiting the
availability of extratime rates, properly scheduled during the timetable planning

phase.

Generally, relevant time rates for the implementation of energy saving strategies
can be running time supplements, dwell time supplements and resienes t

(rt), which can be defined as the sum of buffer tinl@sgnd layover timeslty,

as shown by equatiol.(L1):

rt=bt +It (3.11)

In particular, as the proposed analytical method is explicitly designed for metro
contexts, their nature of frequenbgsed services (i.dhe parameter to be
respected is the headway between two successive convoys, rather than a

timetable, generally unknown to users) has to be properly taken into account.
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For this reason, considering the arrival and departure times at the terminus,
rather than at each station, is the most appropriate approach. Therefore, it is
possible to define serve timest, andrt,; associated respectively to the outward

trip (ot) and return triprt), as follows:
Mo = btot + Itot (3-13
re, =bt, +1It (3.13

wherelty; andlt; are the layover times associated respectively to the outward trip
(ot) and return triprt); bt,: andbt; are the buffer times respectively in the case

of the outward tripgt) and return triprt).

By an @erational (i.e. relative tril service) point of view, the function of time
supplementssi that of facing primary delaysvhile, buffer times are designed

for minimising the so called secondary delays, since they are generated by the
propagation of primary delays. Finally, the daer time is the time a train
spends athe terminus. Regarding the definition of this parameiters worth
making the following clarificationGenerally, the layover time includése time
requred for changg direction and making shunting or uding
operations, if any, together with an additional time rate that goes between when
the convoy is physically ready to undertake the run in the opposite direction and
when it can effectively depart according to the timetable indications.
Specifically, in the proposed approach, since the inversion fiiyeincluding

also eventual time required for shunting and-)dupling operations, is
computed in the cycle time formulation, the layover time involves exclusively
the additional tddeby ateke whormWwhoy satbwhlse
for the right moment to depart, in order to maintain the planned headway
unaltered. In fact, if it were to depart previpysghe headway would be lower

than the planned value; on the contrary, if it were to dep#igrwards, the
headway woulde higher thanthe planned valuddence, the layover timdt)
appears as the only time resource which can be exploited without eroding other

time rates designed for preservirgnetable stability. Consequently,our
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proposalis focused on the use etich aparameter as the extra time source for
the implementation of energy saving strategies. For this purpodetdhesable

reserve timeturt) is introduced:

turt =lt,, +It,, (3.19

In the following, the operational parameters involved in the described

framework andtherelationsexisting among thengre formalised.

In the case of a metro system, the number of convoys required to perform the

service may be calculated as:

NC=(CT +lt,, +It, )/H (3.19

subject to:

0¢hbt, +It_, ¢ H (3.19

O¢hbt, +It, ¢H (3.17

with:

CT=3 tt,+a dt,+it, +bt, +§ t,+q dt,+it, +bt, (3.18
lot sot In srt

whereNC is the number of convoy€T is the cycle time being calculated by
means of equation3(18; H is the headway between two successive rail
convoys;tt,: andtt,; are the travel times associated, respectively, tol§rdnd

lt; lor andl; are the generic links (i.e. track sections) associated, respectively, to
the outward trip ¢t) and return trip rf); dts: and dts; are the dwell times
associated, respectively, to platforsnt and srt; sot and srt are the generic
platforms of statiors for, respectively, the outward tript] and return triprt);

itor andit; are the inversion times (i.e. preparation times forstigsequent trip)
associated, respectively, to the outward toi) &nd return triprt).

By substituting(3.14) into (3.15), the following relation is obtained:
NC = (CT +turt)/H (3.19

by which it is possible to derive tliert as:
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turt =NCQ - CT (3.20
Moreover, equations3(16 and (.14 can be rewritten as follows:

Oclt,, ¢ H - bt, (3.21)
It, =turt- It (3.22

and allowto identify feasible values fdt,; andlty.

However, theoretically, theturt value could be split arbitrarily between the
outward and the return trip. Hence, we may introduce a paraametgoressing

the partition rate as follows:

It,, =a Qurt (3.23
It, =(1- a)durt (3.24
with

al [0;:1].

In particular, by substituting3(23 into (3.16):

O¢bt, +aGurt¢HY 0¢a@urt¢H-bt, Y 0¢adc Ht' k:tm (3.29
ur
Similarly, by substituting3.24) into (3.17):
. . ) . H-bt, .
o¢bt, +(1- a)@urt¢HY 0¢(1- a)@urt¢H-bt, Y 0¢(1- a)¢ oY
ur
v -1¢-a¢h P gy g H-Bley oy (3.26
turt turt

At this point, two different cases may occur:

turt turt
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Y turt ¢ 2H - (bt +bt )

then
ax%- H—bt” ; 08¢ ac mingle'_l-—tht ;18; (3.27
c turt + ¢ turt +
b) if
_H-bt, H-Dbt,
turt turt

Y turt > ZO'I - (btot +btrt)

then:

the solutionrdoes nbexist.

Therefore, only in the casa) it is possible to identify a feasible set for
parametera. However, by means of the following steps, it is possible to

demonstrate that the cdsgenever occurs. Indeed:

1- oS H - btot \
turt turt

Y turt > 20 - (bt +bt, )Y

Y NCGH - CT>20 - (b, +bt, )Y

Y NCOAH - ((tt,, +tt, )+ (dt, +dt, )+ (it , +it, )+ (bt +bt, ))>20 - (bt +bt, )Y
Y NCO - ((tt,, +tt, )+(dt, +dt, )+ (it,, +it, ))> 204 ¥

Y (NC- 2)8H > (tt,, +tt, )+ (dt, +dt, )+(it, +it, )Y

(it +1t, )+ (dlty +dlty )+ (it +it, )
H

Y NC> +2Y
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(ttot +ttrt)+(dt0t +dtrt)+ (itot + itrt)+ btot +btrt + |t0t + ltrt >

Y

H H H
> (ttot+ttrt)+(dtot+dtrt)+(itot+itrt)+2Y

H
Y btotl-_li-btrt +Itot+ltrt >2Y

% bt,, +It,, + bt,, +1It,, >
H

2

which falls in contradiction with constraint3.16 and(3.17), g.e.d.

Hence,it can be stated that it is always possible to determine a feasible aet for

which is expressed by equatidhd7).

Therefore, by properly settirm according to the specific examined context and
relatedfeaturesin terms ofenergy consumptig specified for each direction
(e.g. elevation profile), it is possible to identify thigtimal allocation of layove

times between the two terminal stations.

However, it is worth noting that the availability of a certain layover time is
affected by the confidendevel assumed for the computation of buffer times.
Indeed, once fixedNC, H and CT (in terms of travel times, dwell times and
inversion times), theeserve time is uniquely identifiexhd has to be lower tha

H. Therefore, buffer times can berabst equal to the reserve timeherwise

the solution is not feasible. In particulanly if buffer time is lower tha reserve
time, it is possible to have a layover time different from zero, which is clearly
equal to the difference between reserve time and buffer tieace in an
energy saving perspective, the fact thia reserve timerepresents an upper
bound for the buffer time and the tradf between buffer and layover times
have to be duly taken into account in the selection of the confideneé

adopted for the computation of buffer times.

Other key parameters of the propospdraach are described in the following.
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By considering equatior8(14), relation 8.20 becomes:

It +It, =NCGH - CT (3.29
while, by combiningconstraints3.16 and @.17), it is possible to obtain:

0¢ (bt +bt, )+ (i, +It, )¢ 204 (3.29
0¢ (it +It, )¢ 28 - (bt +bt, ) (3.30

By substituting 8.28) into (3.30:

0¢ NCG - CT ¢ 2¢H - (bt +bt,) (3.3)
CT ¢ neg CT+20H - (bt0t+btrt):g+2_ bt_, +bt, (3.3
H H H H

Therefore, by considering that the valueN& has to be an integer:

o ~ o + ~
&= 8416 NC ¢ intaST +2- Pl tPG 8 (3.33
C H = C H =
Hence, it can be stated that:
NG, =intas ' 8+1 (3.39
C H =+
o + ~
NG =intas ! 4o Pl tP: 8 (3.39

(;H H

The previous equations allotw computehe maximum and minimum values of
convoys for performing a rail service with certain features in terms of headway

and cycle time.

Moreover, the time variation between the outwaipl dand the subsequent return

trip, indicated a€Jl,,, may be calculated as:

o, =gt +adt +it, +bt, +It, (3.36

lot Sot

Likewise, the time variation between the return trip and the subsequent outward

trip, indicated a$r,,, may be formulateds:
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Drro = a. ttIn +é dtsrI +itrt +btrt +Itrt (337)
I St

Hence, by means 08(36) and 3.37), equation(3.15 can be rawritten as:
NC=(or,, +Or,)/H (3.39

The time interval to achieve the regime condition may be expressed as follows:

o,, = (NC- ) (3.39

Furthermorethe minimum headway depends on inversion times and the main
features of the implemented signalling system, according to the following

formulation:

H min = ma){ tsti)r;v ’ tsirtw ’ tSmin- ss} (34Q

inv

whereHmin is the minimum value of; ts;;’ is the time spacing to be respected

during the inversion of the rail convoy at the final terminus of the outward trip;

inv

ts, is the time spacing to be respected during the inversion of the rail convoy at

the final teminus of the return triptsminiss IS the minimum time spacing
allowing by the implemented signalling system aldmg line, which has ttake
into account dwellilnes at stations and circulation rules such a<titerion of
station releasing.

inv

Obviously, the values ots!) andts" depend orihe infragructure layout of the

ot
terminus. h general, they can include travel times, dwell times rorersion

links (if any) andtime rates related to thegnalling system functioning such as,
for instanceglearing times depending on train length and release times required
for unlocking the block systerfif the change of dirgmn implies the passage
throughdifferent block sections)As already mentionedn certain cases, also
the distancéetween stations can play a role in the definition of tih@mum
headway. Indeed, for sajereasons, egeially in metro systems with kigh
degee of automation, in case of ltaie, trains have to be able to reatte t

subsequendtation in order to provide passengerth suitable escape routes.
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Lastly, it is worth pointing out that the increasdriain runningtimes generated

by ecodriving strategieshesidesaffecting the service by an operational point of
view a widely illustrated, implies an increase in passenger travel times and,
therefore, a decrease in their satisfaction. For this reason, keeping faith with the
passengeoriented perspective adopted insthivork, an important parametey

be considered is ¢huser generalised cost (see equaB@) associated to each
energy saving strategieBherefore, the proposed mutibjective framework can

be viewed as a toobf properly supporting the implementation of energy saving
strategies so as to enable rail companies finding the right balance between
reduction in energy consumption, timetable stability and passenger needs.

3.3.3Modelling of the snowball effect

The snowball effect is due to the dynamic interaction between rail service and
travel demandthe number of passengers on the platform influences the dwell
times of trains at stations, which may cause delays; these, in turn, produce an
increase in headways which generates more passenger flows ptatfioem
providing a further extemsn of dwell imes and, therefore, additional delays.
Taking this phenomenon properly into account in the timetabling design phase is
crucial to guarantee an appropriate degree of robustness of rail operhtions.
particular, a vergritical task in order to design aabte timetable, which is able

to absorb delays by avoiding disturbance propagats the estimation of dwel
times as function of passenger flows involved in the boarding/alighting process.
Therefore, this paragraph describes a simulat@msed methodotyy for
estimating dwell time as flowependent factors, which explicitly models
passenger behaviour on platform when a train arragswell ascapacity
corstraints of convoys. This is possible by meaf the implementation of the

abovedescribedDPM which can implement different behavioural patterns.

In particular, in the following, two different assumptions lmrarding priorities
are modelled, namely tHarst In T First Out (FIFO) approach and tHieandom
InT First Out(RIFO) approach, depicted respgety in figures3.3and3.4.
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Figure3.3First Ini First Out(FIFO) behavioural rule
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Figure3.4Random Iri First Out(RIFO) behavioural rule

Specifically, a FIFO approach assumes that boarding order is related to the
arrival order this implies that a passenger may board a train only after all
passengers arriving before him/her have boathledrain.On the other hanc

RIFO approach is based on the assumption that passengers waiting on the
platform tend to move around by mixing with respect to their arrival order, thus
altering the initialqueuing patternin particular, we consider theaximum
degree of mixingwhich means that passengers are uniformly distributed on the

platform with respect to the destination and arrival rates.
The assumptions adopteat both behavioural rules are set out below.

1 Platforms are wide enough to host all incomimggiting and outgoing
passengers.

1 The platform is uniquely determined once the run #medstation have
been fixed (i.e. trains travelling in the same direction always stdpeat
same platform).

1 The dwell time of trains is constant (once the run, station and platform

have beemselected) and is independeftalighting and boarding flows.
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1 No interaction occurs on the platform among alighting, boarding and
waiting passengers.

1 The capacity of convoys is fixedvhich means that the number of
boarding passengers may be at neggtalto the residual capacity.

1 On-board passengers are uniformly distributed. This implies that all
coaches of the same convoy have the same density and the remaining
capacity is distributed uniformly among carriages. Moreover, an increase
or a decrease in theumber of passengers inside the train isadly
distributed among coaches.

1 No overlapping occurs in the train among alighting, boarding and
ontboard passengers, with the exception of the definition of residual
capacity. This means that a different posit (i.e. left or right) of
platforms in subsequent stations does not influence the fluidity of

passenger movements inside the coaches.

The aalytical formulation of the addressed phenomenén based on the

following equations:

ary™ = ford(e) it (3.49
trsp) 1
wpsPd = § ariP?- g bf>Pe (3.42
=0 i=1
WR™P =g wp** (343
s-1 S
RC*P=CAR -3 &, bf/""+§ af'’ (3.44
i=1 j=1
BF> =8  bf>" (3.49

gree - VP if WRP ¢ RGP

3.4
{RC™® if WP >RC>? (349

where p is the generic platform which, according to the above assumptions,

s,pd
n

depends on rum and stations; f, (z‘) is the incoming passenger flow on
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platform p of stations, heading for destinatiod, in the time instant; 21 is the
generic time intervalars®® is the incoming passenger flow (arrival rate) on

platform p of stations, heading for destinatiod, during the time interval;
bf>*¢ is the boarding passenger flow on ruron platformp of stations,
heading for destinatiod; t is the time interval when runarrives on platfornp

of stations; wp>" is the waiting passenger flow on platfopnof stations,

r

bound for destinatiod, when rurr arrives; WFP*? is the waiting passenger flow

on platformp of stations, bound for all destinations, when ruarrives; af > is
the alighting passenger flow from ruron platformp of stations; CAP; is the

rail convoy capacity of rum; RG> is the residual capacity of runwhen the

train arrives at platfornp of stations; BF*" is the boarding passenger flow on

runr on platformp of stations, bound for all destinations.

In particular, equation3(41) expresses the arrival flow at a platform as the sum
of incoming passengers; equati@4@ provides waiting flows as the difference
between arrival and boarding flows; equatiBMB expresses the waiting flow
bound for all destinations as the sum of waiting flows heading for each
destinationd; equation 8.44) provides the residualapacity as the rail convoy
capacity minus the boarding flow plus the alighting flow; equati8y
expresses the boarding flow to all destinations as the sunanfling flows to
each destinatiod; finally, equation 8.46) calculates the significance of capacity
constraints by expressing boarding flows as a function dfingaflows and
residual capacities. Specifically, the last equation simulates the following
phenomenon: if the waiting flow is at most equal to the residual capacity, all
passengers are able to board the first arriving train; otheraidg some are

ableto board, while the remaining passengers have to wait for the next trains.

Moreover, the FIFO approach can be modelled as follows:

s.p r-1
P f o a, faril)ar-a &, bf*r? =RC? (3.47)

n
i=1
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xSP . r._.l
bf =P = fP(e)@ir - & bf>P? (3.49

" i=1
where, in ovessaturated conditions (i.e. when residual capacity is lower than the
number of passengers waiting), it is necessary to calculate the time ixstant
which satisfies equatior847) and allows the boarding flow to be calculated by

means of equatior8(49.

On the contraryequations modelling the RIFO approach are:

é 1 if WP*? ¢ RC>"
as,p = r r 34

" TIRCTWRE i WR > RCE o
bfrs,p,d - ars,p,d ®Vpr3,pvd (35@

where it is necessary to calculate the rafé which satisfies equatior8(49

and allows boarding flow to be calculated by means of equaiéf) (

It is worth noing that, in the case of undsaturated conditions, where the
residual capacity is higher thahe number of passengers waiting on platform

and, therefore, all passengers are able to board the first arriving train, the two

described approaek coincide. In particular, in this case;® is equal to the

arrival time of rurr (i.e. timet) anda’" is equal tal.

However, whatever the rule implemented, the proposed methodology for
estimating dwel time as function of passengéilows, considers a threefold

interaction:

1. as soon as the train arrives, passengers move towards the door they
prefer;

2. when the capacitgonstaint of the single door is reacheguassengers
start moving to the next doors in the same coach;

3. once alsothe capacity constraint of the coach is reached, passengers
move towards the other coaches whadinactflow proportionally to their

availablecapacity.
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Some additional remarks on the abowentiored levels of interaction are
provided below.

Firstly, regarding the choice of the preferred dabis assumed that it is made

by passengers on the basistléir exit position (e.g. stairs @levator) in the
alighting stop so as to minimise the walking distance at their own destination
station (Kunimatsu et al., 2012). Indeed, especially commuters, who have
experience of the system, know this information and exploit it to their
advantage. Tiassumption is adopted only for initialising the loadifgprithm
which thenconvergs according to the congestion level. In fact, in the cases of
low-crowding conditions, each passenger is able to board quickly through the
preferred dogrwithout affecing the dwell time duration; while, in the cases of
high-crowding conditions, since users aim to minimise the boarding time, their
choices are dictated by the congestion of doors and coaches. Hence, different
assumptions (e.g. distributing passengers umifp on the platform) can be
equivalently adopted without affecting simulation results. Moreover, given the
lack of freedom of movenm for passengersen-board, especially in crowded
contexts, it can be stated that the door chosen to board the traie Wi same

as that to alight fromRegarding the other two interaction levels, they reflect the
fact that,once the boarding through the preferred door has been mikseaim

of passengers is to get on the train as rapidly as possible, trying to réos&n c

to the first favourite door. Therefore, users firstly try to board at least in the same
coach butjf also this is not possible due to the high congestion, they are forced
to settle for getting in the emptier coaches, independently of their position

respect to the exit position in the alighting stop.

Moreover, as already mentioned, the proposed methodology duly takes into
account the capacity constraiof the entire convoy, so as to compute the
number of passengers forced to remain on platfoeminvg for the next train in

case the maximum capacity value is remchThis is a key issue for making
simulation results accurate. Indeed, stranded passengers will be involved in the

loading process of the following trainaffecting the relative dwelimes, and,
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therefore, they cannot beeglected. Hence, the expli@imulaton of capacity
constraints haa crucial role in the proposed proceduviareover since in this
way it is possible to model the propagation of delays, the suggested method,
with few adjustments, would be adopted also for addressing the implementation

of rescheduling taskn perturbed conditions.

The inpus required are passenger flows, station configurations and a function
expressing the dependence of dwell times on the numbgassiengers at the

most loaded door.

Dwell time

x Number of passengers at the most loaded door

Figure3.5Dwell time calibration function

Qualitatively, such afunction is always charastised by the same pattern
(depicted in figure3.5): it presents constant values of dwell time for low
numbers of pagmngers, until a certain flow threshdice. x), and, then, the dwell

time increases as the number of passengers rises. However, since the factors
involved in the definition of this faction vary from case to case, it has to be

properly calibrated according to the specific analysed context.

Hence, by replicating théoarding/alighting phase as a threefold interaction
process, it is possible to estimate the number of passengers at the most loaded
door and, consequently, the dwell tinfier each simulated run and statidoy

means of the previolys described functionin addition, given the accuy of
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the implemented micrgimulation technique, it is possible to carry out the
crowding level within each coach (figues).

Pafslzanger S— »| Dwell times
Station THREEFOLD
 —
configuration INTERACTION |____
: Crowding
Callbrgted level within
function each coach

Figure 3.6 Simulation architeitire

This is a very useful information, not onlyrfestimating passenger comfort
ontboard, but also for supporting csion tasks of train operating companies as,
for instance, the definition of a proper fleet composition in order to meet travel
demand requirementsloreover, Intelligent Transportation Systems (ITS) could

be implemented with the aim of assisting passengeluring the
boarding/alighting process (e.g. by suggesting them the best position to be taken
along the platform orwhich coach should be preferredccording to the
crowding conditios onthe approaching train). In this way, it would be possible

to makeboarding operations smoothtus reducinglwell times.

Analytically, the snowball effeagenerated byhe dynamic interaction beaen
headways and dwell timeis modelled by means of axéd-point problem

formulation.

For this purpose, let

dwt = J(td) (3.51)

be a functionwhich expresses the dependence of dwell times on the number of
boarding/alighting passengers, whelet and td represent, respectively, dwell

time and travel demand vectors. Obviously, functit{§ has to consider that

there is a threshold valu# boarding/alighting passenger fldvelow which the

dwell time is constant.
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Likewise, let
hd =y (dwt) (3.52

be the relation providing headways (i.e. vectd) asfunction of dwell times

(i.e. vectordwt), by means of the simulation performed by $&SM

Since the frequency of a metro rail service strongly affects the congestion level
on the platform, assuming within a short time interval the arrival rate of
passengers at statiom as constant, the travel demand (i.e. the number of

passengers waiting ondlplatform) at each stati@may be calculated as:

td, 4, =upf

sd,r

¢hd, . (3.53

wheretd_, is the number of passengers arriving at the platform of stafion

sdr

travelling towards destinatioh during the time interval between rgri 1) and

run r; upf

sd,r

is the arrival rate of passengers at platform of stasidior

travelling towards destinatioth during time interval between ryni 1) and run

r; hd s is the headway between r(ri 1) and runr at stations. Obviously,td
and hd, ;express, respectively, the component of vedtbrand vectorhd;

while the arrival rateupf

sd,r

is provided by thd®PM for each station and each

time interval between two successive runs.

Hence, equatior3(53) may be expressed in vector notation as:

td = g(hd) (3.59
Therefore, by combining thequatios above

f)dwt J(td)

[hd =y dvvt)

or similarly:

dwt=J(g{y (dwt))) (3.56
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Specifically, J(§ represents the above mentionfahction to be calibrated
accordingto the analysed contexfigure 3.5), or its indirect formulationsg((})
has beeralready made explicit in equatioB.$3); y(()l on the contrary, cannot

be expressed in a closed form, since it represents a system of differential
equations which requirebeing solved numerically, by means af suitable

simulation software.

It is worth pointing out thatin general, it is not possible to state that higher
flows (in terms of arrival rates) necessarily imply higtieeell times. Indeed, the
abovedescribed analytical framework findings show tlaatually, dwell time in

a station is a function of the arrivedte in that station, the arrival rates in the
previous stations and the framework of travel demand (in terms of alighting
flows). In particular, equatior8(51) shows the direct dependence of dwell times
on travel demand (i.e. the higher the travel demand, the higher the dwell time),
equation 8.53 (or, equivalently, equatioB.54) shows the direct dependence of
travel demand on headway which, by means of equadi@2)( in turn depends

on dwell times in previous statianghis corroborates the imponie of
adopting proper simulation techniques in order to capture the develbpfiba
complex cooperation and negotiation process among passengers during the

boarding/alighting process.

According to the theory of the fixgabint problem,system ofequatiors (3.59
represents @ompound fixegboint problemin which it is necessary to find a
dwell time vector which provides a headway vector which produces travel
demand on platform whighn turn,generates the initial dwell time vector. The
conditions ensuring the existence and the uniqueness of the solution of a
fixed-point problem, described in paragragll.6 can be easily extended to the

compound fixegpoint problem, as shown by Cascetta, 2009.
In particular:

1) the functionsinvolved in system ofequatiors (3.59 (i.e. J(§, g(® and

y (®) are continuous
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2) the compound function/(g{y (J)) is defined inthe set S, ={dwt}

(where dwt:[dwtl,...,dvv'g ,...,thn]T) with values in the set

T =J(gly (Su )T Sy
3) the definition setS,,, is:
1 nonempty:
Sy, A since" i $dwt 2 0
f compact:
dwt T [0; max(dwt )] " i
1 and convex:
(1- mGwt+adiwt'l S,,, " dwt dwt'i S, " i [0;1]

wt

Therefore,Br ouwer 6s t heorem (Brouwer, 1912)
possible to state that the snowball effelttes not evolve indefinitely, but

converges towards an equilibrium state.

On the contrary, conditions ensuring the umeigess of the solution of a
fixed-point problem provided byBanachés t heor eane nptBanach
fulfilled, sincenot allinvolved functionssatisfy the properties ahonotonicity

Clearly, this affects the selection of the resolution mettwotbe adopted. In

particular, as alady mentionedixed point problems argenerallysolved by

means of théMSAalgorithm (described in paragra@id), whose convergence is
ensured by Blumbébs theorem (Bl um, 1954) .
applied, since the uniqueness of the solution cannot be demonstrated. Therefore,

it is necesary to find a numerical evidence for assuring the convergence of the
algorithm or rely on alternative resolution proceduras will be shown in
paragraph.4where the proposed framework will be implemented in the case of

a real metro context.

3.3.4Travel demand estimation

This paragraph addresses the travel demand estimation problem, starting from
the traditional techniques proposedtie literature and customising them to the
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specific features of rail operations. In particular, the procedure of concern is the
aggregate estimation which consists in updating/adjusting a prior known

O-D matrix by means of aggregate data such as passamgds.

The fact thathe flows to becollectedare related to passengers, rather than to
vehicles, leads to a first issue to be properly addressed, that is the category of
passengers to be detected for each specific assessment. Indeed, different types of
passenger flows are involved in the analysis of a rail system such as flows at
turnstiles, boarding or alighting flows, waiting flows andtmard flows. This

entails aspatialpr obl em rel ated to Owhereb6 to co
we were to cant passengers at the turnstjlgere would be a resulting degree

o f uncertainty as to userso6 direction.
information on each single gate, but, in this case, the measure would not take

into account if any and homany passengers are not able to board the train due

to overcrowding. The latter information would be available, on the contrary, if

the calculation is carried out on the platform. Additionally, there tesngporal

problem to be considered, which lies in the difficulty of identifying a suitable
degree of aggregation because of the discontinuous fruition whichereafiby

rail service. It isthis discontinuity which, for instance, compromises the take

over atturnstiles because ofthe gap between the moment when the users'
passage is recorded and the moment when users achieve the platform and,
therefore, arectuallyable to board the arriving train. Hence, in the lighthaf

above, it appears obvious that, acoogdto thetarget it is necessary to design

and execute the counting phase adequately and in the most reliable way.

Differently from sample surveys, which are quite complex and have high costs,
counts do not require excessive expenses and can be olataioethtically. The

use of automatic devices allows performthe counting phase in an easier and
more efficient manner; however, it is not exempt from incidents. First of all, in
the event of a problem with the equipmentparts of it, the whole measuanent
process would be compromised. For example, if we werestonatethe

distribution of users on the platform with the intention to perform detection at
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gates and one of the gate detectors is damaged, this would make detection at
gates useless, with tleensequent loss of the information the entire platform.
Moreover, the possible presence of internal interchanges between lines makes
the system not perfectly enclosed. Finally, also episodes of evasion which,

unfortunately, occur in some circumstanazs)ld distort the outcome.

Therefore, in the following, two methodological frameworks, which duly take
into account the abowmentioned points, are illustrated. Specifically, the first
one concerns an analyticalogedure for extending passengeuns by means

of the calibration ofsuitable spacéime functionswhich allow to reducethe
sampling rate without compromising estimation accurdéye second proposal
consists in a longerm estimation technique, assupport tool for performing
costbenefit anfyses, which allowso properly model changes in travel demand
due to demographic andahsportation system variations a wide time period
(i.e. several decades).

3.3.4.1Analytical methodology for extending passenger counts

The releance of the proposed approach lies in the fact that the greater the
number of detected data, the greater the accuracy of travel demand estimations,
but also the cost and timeghich will incur. Hence, the necessity of finding a

fair compromise between s@y costs and estimation accuracy is imperative. In
this context, the presented proposal is based on the development of an analytical
procedure aimed at reducing the number of data to be collected, without
significantly affecting estimation accuracyhis is possible by iderfifing some
spacetime relationsproperly calibrated for providing flows values such that
minimise the error in the aggregate estimation of tHe @atrix and, therefore,

in the computation of system performance made by assigning it to the analysed
network. In other words, the parameter be minimised is the gap between
assignment results obtained by implementing one sidethe O-D matrix
adjustedwith detected flows and, on the other, BeD matrix adjustedwith

flows provided by the calibrated funct®(or, alternatively, with a mmed-flow

data set, i.e. made up partly with detected flows and partly with analytical
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flows). Indeed, the @ matrix is not the ultimate outcome desired, but only a
mears for enabling an assessment of system performance, thanks to its

assignment to the heork, as explained in paragrapil.a

In particular, these analytical relations express boarding and alighting flows
depending on the station (space component] #me time period (time
component) considered. Therefore, the basic assumption is that spatial
correlation (i.e. the correlation among different stations) and temporal
correlation (i.e. the correlation among different time periods) of passenger flows
are generally not null. Moreover, it is worth pointing out that the proposed
approach has a purely descriptimature, without ay explicit assumption on

userbehaviour.

Specifically, the developed analytical procedure foresees the phases set out

below.

Firstly, it is necessary to investigate the system under examinatidetail, by

collecting information concerning number and location of stations, their layout

in terms of platforms andaks, rolling stock featureopeating hours and
timetables This prelminary phase allowop | an O6whendé and O6wher
flows must be detected, and, clgahas to be followed by the actual execution

of the designed survey campaign. The goal is to collpcoperamount of data

for applying statistical analyses debed in the following. In particular, the

ideal condition is represented by the possibility of performing an exhaustive
counting (i.e. the adoptionf a sampling rate equal to $p as to identify a

reference scenari o whabstletratdn be consi de

In a metro system, an exhaustive survey consists in acquiring boarding and
alighting flows in all stations for each direction ard €ach considered time
period. Howeverthis is possiblenly for smallsize networks or by means of
laboratoryexperiments on redaize synthetic networks, as proposed by Marzano
et al. (2009).
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The collected data can be considered, for illustrative purposes, organised as

shown in figure3.7.

Station
st | st | ... | S§ | ... | St,
tpy | fuo | foo | oo | fui | oo | frm
© 8 to, | foa | foo | v | foi | .o | fom
tn | for | faz | oo | foi | oo | foom

Figure3.7 Surveyed data (i.e. real surveyed data)

The second phase consists in simulating the adoption of a certain sampling rate,
lower than 1, by hiding (i.e. assuming not detected) some data and, thus,

obtaining a partial data set be analysed (figurg.8).

Station
Sk st st sty
tps f11 f1
2 8 tp, foo | ... | fom
g ..
tp, o1 foi

Figure3.8 Partial set of surveyed data (i.e. simulated surveyed data).

It is worth noing that, the criterion adopted, in the simulation phase, for
choosing the data to be assumed o6énot
to real applications of the proposed approach, it replicates, somewhat, the
decisionmaking process aimed at sdlag (according to the adopted sampling
rate) which data to be acquired and which ones to be neglected. Therefore, a
certain degree of uniformity in space and time has tpussued so as to make

the following interpolation steps as more accurate aslgessi

Once the data have beg@moperly collected, analysed and processed, a first
statistical analysis can be performed, which is based on a-dioemsional
approach. Specifically, it involves the partial data set identified in the previous
phase and consists in determining the ctaskinctions (e.g. linear, quadratic,
cubic, polynomial) which best describes the simulated survey data. This

procedure is indicated as medonensional because the involved functions are
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defined in aR* space, where the abscissa is the sequence ofstaticdhe time
periods and the ordinate is the surveyed flow (as shown in f&y8yxe

Station |

Time
period

tpn I fnl

Ctor [ oo D - [ F [ . [N
Y P e
(oo % .

Figure3.9 Organisation of data for morgtimensional analyses

As already mentioned, the flows of concern are related to boarding ahiihalig
passenger in both directions foreach station and time perioddetected;
therefore, assuming; as the number of function classes to be analysed, it can
be stated that it is necessary to calibrate and validataoncdimensional
functions. Specifically:

nf = nfc@c.ﬁnst CZ)(D]tp (35D

whereng; is the number of the stations (multiplier 2 for considering outgoing and
return trips separately) ang, is the number of time periods considered. The
quantity fs; % 2) is further multiplier 2 for taking into accountthdoarding and

alighting flows.

The goodness of fit of each class of function has to be properly evaluated. For

this purpose, generally, ttmplestandthe most frequentlysed parameter is

the coefficient of determinatio ? expresed as follows:

Azz%a- (f ])Z?Zaa 3 -f)zg (3.59
with:
J=aj/n (3.59
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where/ ; is thei-th simulated survey data (i.e. known value of fig8r@, n is

the number of simulated survey ddtg /~ is the mean of data, and f, is the

i-th value assuntkby the calibrated function.

However, since the value oA? tends to increase with the introduction of

additional predictors, usually, to penalise this effect, it is appropriate to calculate

also the adjusted ? (indicated asA ?), by means of the following equation:
A?=A%-(1- A?)&/(n- p-1) (3.60
wherep expresses the number of function parameters.

Once the optimal functional form has been properly identified in both
dimensions, it is possible to eoute a multidimensional statistical analysis
which involves the same data set of the mdmoensional approach and consists

in specifying (according to the optimal classes of functions previously
identified), calibrating and validating, witkuitablestatstical tests (both global

and on singleoefficiens), four different surface§ he number four idue to the
necessity of considering two kinds of passenger flows (boarding and alighting
flows) and two kinds of trips (outgoing and return trips). In pafér, the
stations and the time periods are the independent variables, while the surface

provides the value of flow.

Obviously, accordindo the outcome of the specification phase, the calibration
step has to be performed with different statistical teqpes such as simple
linear regression, multiple linear regression, polynomial regressioreover,
whenever there is the necessity of simulating different levels of travel deihand
is possible taely onaquantile regressiotechnique

The last phaseonsists incomparingthe application results obtained by using
the whole set of the survey data (considered asaliselute truth and those
using the data of calibrated spdoee surfaces, properly put together with the
data of calibration subsets. Sgexlly, within this framework, three different

data sets may be obtained for comparison: only the calibration subset (already
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shown in figure3.8), the calibration subset extended by replacing missing data
with function data (depicted in figu®10 and only function data for all values
(indicated in figure3.11).

Station
st st St Sty
Py f1a function | ... i ... | function
GEJB tp, | function fos .| function | ... fom
=]
tPn foa function | ... foi ... | function
Figure3.10Subset extension by means of function data
Station
st st St Sty
tp, | function function | ... | function | ... | function
GEJB tp, | function | function | .. | function | ..| function
F g .. .
tp, | function | function | .. | function | .. | function

Figure3.11Function data for all values

Thereforejt is possble to implement an aggregagstimation of travel demand,

by adjusting a priesknown GD matrix according to the four data satentified.

In this way, four different @ matrices can be derived and assigned to the
network so as obtained objective furen values for each one of the four
analysed cases. Hence, it is possible comparing assignment results obtained by
means of the whole set with those provided by means of the other three gjata set
in order to evaluate which one of them produced an outctwserto that of the
reference scenaridn particular, a small variation in the objective function with
respec tabsdlute tratlhh ec dnf i rms t he ability of
capturing the spaetme variations of travel demand and, therefotheir
usefulness in allowing a reduction of the data to be acquired during the survey

phase, without prejudicing the analysis accuracy.

This implies the pssibility of aitting the budgt to be allocated for the survey
phase but, this is not the only ledih Indeed, such a procedure allolwwsanalyse
also networks which, due to their complexity, do not enable the achievenent of

reasonable sampling rate, besa this would result as uneconomic. Moreover,
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the possibility of replacing some missidgtaby means of analytical functions
offers the chance of rectifying eventual inconveniences due to a failure in the
detection equipmentery smoothly This is very useful, for instance, in the cases

in which the lack of even a single information can compsenaill other
measuresuch as when, given the target of reconstructing the flows on platforms
by means of gate counts, the data of a gate are lost.

The proposed approach lends itself to several improvements. Firstly, for the
identification of stations, diffent spatial reference systems, sucltwawilinear
abscissa r@d polar coordinates, rather tha simply sorting technique (i.e.
sorting them accordintp the train route), can be implementédoreover, the
relations to be calibrated can be enhanced wittitiadal explanatory variables,
such as interchanges with other public transit systems, possibility of parking etc.
In particular, the stepwise regression can be adopted by implementing a forward
selection, a backward elimination or a combination of th&@rerward selection
consists in startingvith no variables in the modeind progressively adding
predictors which satisfy a certain fit criterion; on the contrary, a backward
elimination consists in stany with all candidate variableand progressively
deletingpredictors whose explanatory power is not relevant fofitreccuracy

of the model Both techniques proceathtil no further improvements can be
reached The fit criterion in the anaded framework is related to the ability of
the model in reproducing detected flowSinally, the proposed analytical
appro&h, with proper adjustments, coultk implemented for performing a
multi-seasonal passenger flows estimatibime idea khind is to make a model
relative to a certain time perio@e.g. holidays), representative of another one
(e.g. working days), byneans othe introduction of conversioooefficientsto

be properly calibrated sas tocapture the eventual correlation between travel
demand patterns in differetime periods. The gal is ambitious and requires
more detailecevaluatios, above all for verifying whether the same functional
form can fit different time periods or not anthnsequentlythe necessity of
introducing some behavicalr assumptions (e.g. by adopting conversio

functions rather thasimple coefficiers). The challenge is still opehpwever,
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the abovedescribed proposal somewhat further confirms the power of such an
analytcal tool for managing passengeounts inthe case otravel demand

estimationtechniques

3.3.4.2A long-term evaluation of travel demand

As already pointed out, the evaluation of travel demand has a key role in any
assessment concerning transportation systems. In parti¢cbhe estimation of
passengeflows, in current and future conditions, is required in the case of a
costbenefit analysis related teach kind of longerm measuresuch as
infrastructural interventions (new lines or modification of existing lines), fleet
improvements (partial or congik replacement of rolling stock) and signalling
system modifications (replacement or upgrade of trackside andoama
equipment). Indeed, such an analysis cannot be separated from the computation
of travel demand in terms of potential or expected passsngith related
characteristics (i.e. starting and arrival stations, adopted time slot, trip duration,
etc.). Moreover, users and their needs represent a fundaretartantin an
economic evaluatioand, therefore, thestandpoint cannot be neglected.

Additionally, in order to evaluate and compare different intervention scenarios
within a costbenefit analysis, the estimation demand model has to be elastic at
least at the level of modal choice (in the case of transportation system
modifications) and trigeneration (in the case of demographic changes). For this
purpose it is necessaryot ensure an accurate representatdnthe current
situation and a reliable prediction of future conditions, as well as the modelling
of travel demand as a random variafple. not only average values but also their
distributiors have to be considered).

Therefore, this paragraph presents a comprehensive procedure for evaluating
travel demand in contexts where the ldagn estimation is the major
requirement. Specificallyt is based on the use of different Italian datarces:
however a generalisation to different contexts can be simply achieved.
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The first step is based on the use of data from national census, reported in the
ISTAT (Italian National Institute of Statigts) database, which provide revealed
information (i.e. related to behaviour actually occurring in the days prior to the
survey) concerning mobility choices in terms of origin, destination, daily time
period and transport mode. More specifically, thesea dae structured as

follows:

1 the considered trips are tlgystematicones (i.e. for work or school
purposes) during the average working day;

1 origins and destinations are expressed in terms of municipalities;

1 daily times are indicated as the morning peakrh@e. from 7.30 to
9.29) and the rest of the day;

1 only outward trips are provided, since trips are generally bidirectional

(i.e. from home to the workplace and return).

Clearly, it is necessary to extract from the entire database only the information
relative to the study area, with the aim of identifying data concerning internal
trips (i.e. with origin and destination both in the study area) and exchange trips
(i.e. with the origin or the destination in the study area).

In particular, in order to inease the examined dataset and, thereforet the
need of considering a certain distribution for travel demand values, it is
necessary taking into account statistics fratleasttwo decades (i.e. data from
the 2001 and 2011 Italian censuses).

In thelSTATdatabasgit is also possible to find historicenformation as well as
projections relative t@opulation data (according to three different variation
rates: minimum, average, maximumwhich are crucial for making the demand
elastic at level of tripgeneration, as will be showshortly. In particular,
demaraphicforecasts are performdxyy means of theohort component method
which considers death, birttesxd migration as factors of concern. Generally,
according to this approacthe population expeed to be alive at thend of the
projection period i©btained by multiplying base census populatmina given

age groupby a certain survival rate; whilehe number obirths taking place in
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the projection period is computéy multiplying an agespecific fertility rateby
the number of women in theieproductive years. Finallyt is necessary to add
the number of net migrants. This is possible by means of @tepoprocedure:
firstly net migration rates are determined @hdn multipliel by the surviving

population.

The second phase relies on data computed by mobility observatories (such as
for instance AudiMobi Observatory on the Italian mobility behavigwhich
provide additional useful information such as total daily regionalstriates of

trips during morning peak hours, rates of trip chains (i.e. trips with intermediate
destinations) and regional modal split. These data athaderive non-systematic

trips during the average working dagategorised according to origin and
destnation municipality, time period (i.e. peak hour or rest of the day), adopted

transport mode and reference year (i.e. 2001 or 2011).

At this point, it is necessary to project systematic andsystematic trips from

the censuyearto a successive perioenerally, historical or forecasted data

can be adopted, according to the target period: historical data until a year before
the current year and forecasted data for the current year and successive years.
However, since the following phases foresee anustifient of the

O-D matrices with passengeounts, inthis stage, it is assumed that only
historical data are exploited for the projection. In particular, it is necessary to
adopt an increase or decrease rate equal to population variation (i.e. arvariatio
in a% of population in municipalityA provides a variation ira% of all trips

with origin in A). This allowsto make the trip generation model elastic.

In the following stepit is necessary to convert data concerning systematic and
nonsystematic trips into travel demand matrices related tdaadltrips and in
which the origin and destination are expressed in terms of stations of the rail line

in question, rathethan in tems of municipalities

Therefore, firstly, round trips from outward trips have to be carried out as

follows:
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oD =oD;" +|on"[' (3.61)

where OD;™ is the origindestination matrix related to round tripst)(
throughout the day associated to purpbgee. systematic or nesystematic)

and modem; OD," is the origindestination matrix related to outward trijs)(

all day associated to purposand modem; [OD;'{“]T is the trmsposed matrix of
oD.".

Then for switching fromtrips expressed in terms of origin and destination
municipalities totrips expressed in terms ofigin and destination stations, it is
necessary to develop a regional network model whiph,means of the
implementation of a minimum path approach, alleavenatcheach municipality

to each station. In particular, the basic rules followed for municipalities within
the study area ar if there are no stations in theunicipality, we associatédé
nearest station;f ithere is only one station in thaunicipality, we of course
associate that station; finally, if there are two or more stationghén
municipality, we hypothesise some distribution coefficients (for instance, related
to turnstile counts). On the contrary, for municipalities without the study area,
which are involved in the exchange trips, it is necessary to analyse the presence

of interchange stations with the line under examination, if any.

The phasethat follows consists in adjusting origidestination matrices
associated ttherail mode ) according to aggregated informatjoepresented

by turnstile counts. Obviously, the matridesolved in the correction procedure
have to be referred to the same year in which traffic counts have been carried
out. Moreover, since this kind abunts isgenerally aggregated in a daily scale,

we propose to correct the -alay matrices anthen modify initial matrices by
adopting the same variation rates. This implies assuming the total travel demand
as constant and considering differences as due to a different modal split. Hence,

the following equations have to be implemented:
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oD, =§ OD (3.62

oD}, =argmin z(d,(x ; oD ); d,(s(x) ; 7)) (3.63

X20

d =d',/d!, with d [ OD, andd!, i OD; (3.64

oDy ={dif : dit =d @}  “hi[ph;ad] "if[s;ng (3.69

di,=a dj} (3.6
im_§€ im . qim — qim i qir |/ i,ml.:l

oDy ‘:,dj,h S dyiy =diy C&jj,h' dj,h) frd"“§ (3.67

where OD;, is the origindestination matrix related to aly round trips rf)

associated to mode(i.e. rail mode),OD), is the correction of matriXOD, ; X is
the variable expressing in the optimisation probl@%3) the generic value of
matrix OD},; z(§ is the objective function to be minimised; is a function

re

which expresses the distance between matrénd the gpriori estimation of
matrix OD),; s(@ is the assignment function which provides passenger flows
associated to origidestination matrix; f' is the vector of turnstile countd;

is a function which expresses the distance between flows obtaynassigning

matrix x and flows provided by turnstile counts (i.£); d, is the variation rate

of travel demand associated to origiestinationj; d: . is the generic element

jrt

of matrix OD' ;: d!

., df, is the generic element of matri®D}; OD," is the

corrected origirdestination matrix in the time peridd for purpose by using

mode m; d;_’;‘ is the generic element of matrbOD,™ associated to
origin-destination ; d}fg‘ is the apriori estimation of trips in the case of

origin-destinationj, in the time periodh, for purposea by using moden; d]'h is
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the apriori estimation of trips in the case of origiestinationj, in the time
periodh, for purpose by using all transportation mode.

It is worth noting that since variabie expressing the purpose of the trip, may
assumes for systematic andhs for nonsystematic and variable, expressing
time period, may assungh for the morning peak hour aradl for all day, it is
possible to state that, in the case of corrected matrices, equiaédnbecomes:

I
OD.™ =OoD." + lOD;’,’,“]T (3.68

where OD;;" is the corrected origidestination matrix related to alay round
trips (t) associated to purposand moden.
In particular, equation3(67) expresses the necessily properly recalibrating

matrices related to thether considered transport dhes, arising from the

variationin therail matrixdue to the updating procedure.

At this stage, corrected matrices have to be extended to one or more analysis
periods (generally the projection horizon is several decades), by applying
historicalandbr forecasted demographic variation raéesording to the already

mentionedorinciples.

The following step aims to make demand elastic at least at modal choice level.
For this purpose, it is necessary to specify, calibrate and validate a suitable
choice modelas described iparagraph2.3 with regard to the disaggregate

estimation techniques. Specifically, it is required to:
1 specify a utility formulation and a probalylichoice model such as:
vim=vin(or)=a orxs, (3.69
k
pij ,h[m] = pij ,h[m](vji,'rr?(b?)): pij ,h[m](bkm) (3.70

m

WhereViiy'h is the utility associated to modaein the case of purposeduring

the time periodch for travelling between the origidestinationj; 5,"is the
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parameter associated teth attribute of the moden ; X} is the k-th
attribute associated to modein the case of purposeluring the time period
h for travelling between the origidestination; pij vh[m] is the probability of
choosing moden for travelling between the origidestinatiorj in the case of
purposea during the time periot;

{ calibrate the values of parameter8" by means of the following

optimisation problem:

B =argman (5= & in(p, il 57 (3.79

where 5" is a calibrated value of paramet&™; L(G is the likelihood

function to bemaximised;

1 validate the results by means of suitable statistical tests.

The explicit procedure for computing the variation qrﬁ‘j,h[r], due to the
implementation of the design scenario to be evaluated, is set out below. For the

sake of simpbity, the following assumptions are adopted:

1) the purpose anthe origindestination pajras wellas thetime period of the
trip, are prefixed,;

2) the considered design interventioperate®nly onthe rail mode;

3) the adopted random utility model is thtiltinomial Logit;

4) parameterg of the Multinomial Logit is assumed incled into parameter
b .

Therefore, let:

p [r] be the choice probability of the modgbeforethe implementation of the

intervention;

p"[r] be the choice probability of the modeafter the implementation of the

intervention;
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p [m] be the choice probability of the mode beforethe implementation of the

intervention;

p' [m] be the choice probability of the modeg after the implementation of the

intervention;

V'[r] be the utility associated to the modebeforethe implementation of the

intervention;

v''[r] be the utility associated to the modeafter the implementation of the

intervention;

v'[m] be the utility associated to the mone beforethe implementation of the

design intervention

v''[m] be the utility associated to the moute after the implementation of the

intervention.

According toassumptior®):

V' [r] V"[r] (3.72
V' [m=v'[m=v[m "m, r (3.73
Furthermore, according issumption8) and4):

e ev()
M= 5 ety ot ) @74

explv' (r))
,?'r explV (m)) +explv'* (r))

p'lr]= (3.79

According to the probability theory, which states that the sum of probabilities in

the sample space is equal to 1, the following relations can be derived:

a plm=1- p[r] (3.76
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a p'[m=1-pr] (3.77

By combining equations3(74) and 8.76):

plr] _ eqpv[]) _ p[r]

- =~ 3.7
& [~ & exfvm) "1 ] >
Similarly, by combining equation8.(/5 and B.77):

o] _ el _ pl] 679

a7l &ediln) T ol

Moreover, avariation coefficientg is introduced. In particular, it is defined as

the ratio between the exponential functions of the utility associated to the rail

mode, before and after the implementation of the design alternative:

9= 28 =eatv - v[1) 280

According to equations3(78 and 8.79:

ol
1- pr]
prr]
1- p’ r]

g= (3.8))

By manipdating equation3.81):

_ Bl g-wlly -] 1- el
3 i (3 =R (3 B 1

g9

v 2B ler =gt a7 1 o=t S ar v

AR S i R
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Y p'lr]= : (3.82
gc} Pl 4

plr]

By substituting(3.80 into (3.82:

p[r]= - (3.89
1+expV' [r]- v [r]) & pr 1

Therefore, noting the utilities associated to the rail mode, before and after the
intervention, as well as the choice probability related to the rail transport before
the intervention, it is possible tderive the adjusted choice probability
associated tthe rail transport (i.e. the probability of choosing rail transport after
the intervention)Clearly, consequently, also probabilities associated to the other
considered modes have to be properly updated, taking into account the previous

framework.

The las phase of the proposed procedure aims at defining hourly matrices being

consistent with the corrected matrices, that is:

1 in the time period 7.30.29, the hourly travel demand can be derived by

dividing by 2 the peak hour origidestination matmODph ;

1 in the morning period (for instance, until 13.30), excluding the peak hour
period already analysed, the hourly travel demand can be derived
by dividing the outward matrix minus the peak hour matrix

(i.e. OD. - D”) by suitalbe coefficients (for instance, obtained from

previous flow studies);
1 in the afternoon and evening period (for instance, from 13.30 onwards),

hourly demand may be derived by dividing the transposed of the outward

matrix OD.! by suitable cefficients.

It is worth noting that the developed procedure makes use of all previously

described methodologiesde paragrapl2.3) for estimating and forecasting

149



travel demand, by properly integrating them with each other in a comprehensive
theoretical framework. Indeed, the use of data from national census represents a
direct estimation of travel demand. Moreover, the possibility of considering
three different legls of demographic variation allows meet the requirement of
stochasticity. On the other hand, recourse to data from turnstile countsler

to update the initial €D matrices according to the surveyed flows, constitutes an
aggregate estimation techuoe. Finally, the specification, calibration and
validation of a suitdle modal choice model representlisaggregatestimation

of travel demandFurthermore by means of projections to future analysis
periods, through both real and estimated data, fetecp techniques are

implemented.

By assigning the hourly matrices, identified in the last step, to the network, it is
possible estimating economic, social, financial and environmental effects
associated to each alternative scenario toabalysed In partcular, the
performance indexes proposed for carrying out such an evaluation are expressed
by the following objective function, which considers the costs of public

administration, passengers and society:

Z(y, fc,tnp,mp,td,rc) = f,.c WGC+ b, NOC+ b GEC (3.89

where b5, byoc and b.. are homogeneity coefficients which express the

relative weightof the objective function term$OC is the net operational cost
(i.e. the part of operational costs not covered by ticket revenUKs; is the
user generalised cost which, clearly, has teadraputed forall involved modes;

ECis the environmental cost referred to the whole transportation system.
The first term can be comped as follows:
NOC=TOC- TR (3.89

whereTOC is the total operational cost, depending on the reference regulation
adopted by national and regional governments for funding-irassit transport
systems,TR representshe ticket revenues, depending on fare policies and user

mobility choices.
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In particular, in Italy, the funding regulation relative the public transport
sectoris based on a contractual rate, known as standard cost, at which the
government pgs the service company according to transport supply; in addition,

a constraint on service effectiveness, expressed in terms of the ratio between
ticket revenues and operational costs, has to be respected. Within this
framework,alternatively to equatior8(6), the TOC canalsobe specified as:

TOC=C,,, o rain - km (3.8
with
train- km=3 4 L, , 0, (3.8
i
a T, =8,760 hours = 1 year (3.89
o

whereCiainkm iS the standard cost (expressed in Eurodra@rkm); train - km
is the unit of measurement adopted to quantify the supply seivias;the
length (expressed in kilometres) of line /i is the service frequency
(expressed in trains per hour) of linguring time intervalQl; T is duration

(expressed in hours) of time intenal

While, TRcan be derived by means of fiedlowing equation:
TR=3 &4 4 &, (3.89
i 1 a N

wheretc; is the revenue associated to ticket type; is the number of trips
made by user categohpy using tickef; f 4 is the passenger flow of categdry

during time intervalQ.

The second termlJGC, is given by the sum of user generalised costs associated
to all analysed modes, that is:

PGC=RUG+MTUC+RC (3.90

with:
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RUG=T,+T,+T,+T, +C_ (3.9)
MTUC=T_+T,+T,,+T, +C_ (3.92
RC=+T,+T,+C, (3.93

where RUG is user cost on the analysed rail systéiT;UC is user cost on
masstransit systems, apart from the analysed rail sysR@is user cost on the

road systemT,

" ae

is the access and egress tirig, is the waiting time,T_, is the
on-board time,T, is the transfer timeC  is the montary cost. Obviously, each
one of these temporal rates, as well as the monetary cost, have to be derived

according to the specific considered mode.

Finally, EC can be calculated, following the approach proposed by Gallo et al.
(2011b), as:

EC=eq,@ a fc.,Q. (3.99

o a
where ec,, is the environmental cost (expressed in Euros per kilometre)
associated to each vehicle in the road system (i.e. car or triick); is the
traffic flow associated to road link during time intervallz; L, is the length
(expressed in kilometres) of road liak
However, it is worth pointing out that the proposed performance indexes are
intended to be illustrativena not limiting. Indeed, its necessary to properly

design the obgctive function to be evaluatedccording to the specific

intervention to be analysed and the related relevapacts.

3.4 Concluding remarks

Given the complexity ofhe proposed methodology and the high computational
times involved, it is clear that cannot be implemented in re@he approaches
and, in fact, it isconceivedfor a different decisiormaking process The idea
behind consists in the creation of a dymathkatabase which, for each possible

intervention strategy, related or not to a specific failure event, provides the
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identification and the quantification oklevantimpacts on each part of the
analysed system. In our propgstie considered targets awser generalised
costs as well as operational costs and energy consumption; howeéserear
that additional informatiorcan be simply carried out by developing specific
simulation frameworksTherefore,by making such a database available to
dispatches, obviously for each specific network context considered, two
important benefits could be achieved. Firstly, tioeyld be fully aware of the
consegences of their own decisignthus facinghe perturbed conditions in an
appropriate way, never optingag for thenor-intervention strategyvhich is,
even now, the most frequently measure adopted. Moreoversiwdly, response
times couldbe ma& comparable with redime rescheduling approaches,

without, however, the computational efftiiey require

The main drawback is represented by the possibility that the specific conditions
to be addressed are not included in the datapetsé&or this reason, it results
fundamental to rely on a dynamitamework able to be upgraded with
additional information which could be referredasevent preceding its creation
(e.g. by means of timseries data) or subsequent thereto (e.g. by means of
learning algorithms). In particular, the implementation of a pigpggsigned
algorithm based orfeature learning technigueslowing the database to both
learn new notions and use them to perform specific tasks, would be very useful.
Indeed, in this case, the database could be upgraded when the system is not in
operation €.g. during the night for a dayme service) withfurther information

from the previouly performedserviceand, thus, draw upon more and more up
to-date dataFurthermorethe dynamic nature of the database alltovebtain,

under the same upgrade levdifferent information for different time periods

(i.e. peak and ofpeak hours during the day, working and +eorking day
during the week and different seasons during the year), by properly taking into
account travel demand time variations, whose dgamtCe for an accurate
system evaluation has alreadybeen widely explained. Obviously, the
information collected in the database could be useful also in ordinary conditions

(e.g. in the case of the implementation of energy saving meassre®ll ador
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supporting further designed phases (e.g. the optimal allocatiorecuvery
tracks).

By way of conclusion, in this chaptea decision support tool has been
presented, with the aim of enablingawelbunded evol uti on
decisionmaking proces, both in ordinary and perturbed conditions. In
particular, in the second case, the aim is twofold: identifying, on one side,
measures for preventing the rise of potential disturbancepr@eentive action

and, on the otherselectingthe optimal intevention strategies for properly
addressing the rescheduling process required after a failurecdreective
action).

An overview of the above describddtabase and related features sitrewn in
figure 3.12

Estimation of
impacts for
passengers
and train
companies

DECISION SUPPORT
SYSTEM

Ordinary conditions

Response
times
comparable
with
real -time
approaches

Upgrade
with
time -series
data

Perturbed conditions

Preventive
action

Constant
updating
according to
the failure
events
occurred

Corrective action
(after a failure )

Figure3.12Architecture of the proposed decision support system
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CHAPTER 4: APPLICATIONS TO REAL NETWORK CONTEXTS OF THE
PROPOSEDAPPROACH

Our proposal consists igenerating a dynamic databaseaa$ecisionmaking
tool for a wellrounded management of rail systertdas been conceived as
decision support system for handlibgth ordinary and perturbezbnditions
as well as planning task Besidesrescheduling actions, very important
ordinary management tasks are related to the impleti@mtof energy saving
strategies moreover, in rail contextspne of the most important planning
phasess the timetaling process which requires an accurataluationof the
involved operationgbarametersHowever, each planning task, baththe case
of short (e.g. fare policies) and long temeasurege.g. doubling of the track)
requiresan estimation ofravel demand, icurrent antbr future conditions,as
input. In particulay this chapteraims to demonstrate the suitability of the
presented methodolodygr the above mentioned manaigéissuesby appying

it in the case of real network contexts.

4.1 Case studies

In this paragraphthe description of the two analysed network contexts is
provided, by properly putting in evidence their features and the existing

differences.

The first case study is represented.ine 1of the Naples metro system (figure
4.1), which is operated by ANM trsport company and windsrough 18
stations, by connecting the high density suburbs witltitgecentre. It is about

18 kilometres long and mostly underground with two completely separate
tunnels, one per direction, except for the stretch between Piscinola and Colli
Aminei. The infrastructure layout is quite complex, because of the hilly terrain
which requires the adoption of steep slopes and low radii of curvature. In a
rescheduling view, it is worth noting that stations are equipped with different
servicing facilities. In particular, four stations (i.e. Piscinola, Colli Aminei,

Me dagl i end @adifaldipareaequipped both with points and recovery
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tracks;while, two (i.e. Vanvitelli and Dante) only with points. Moreovgust
one depbis available for rail service and it iswgited nearby Piscinola station.

) Depot
o iscinola
Chiaiano Piscinola
Chiaiano . Station without points
* R or recovery tracks
.. e
¢ Capodichino Frullone . ) .
&_Airport Station with points
Colli Aminei . e
Colli Aminei and recovery tracks
Policlinico;
e ® Station with points
Rione Alto Policlinico
Montedonzelli Rione Alt
Medaglie D'Or Central railway .
station Montedonzelli
Quiattro
Giornate Medaglie
Doro /' S.Rosa  Museo
Materdei Garibaldi
®  Metro station 3 &) Dante
Gulf of Naples ) Quattro Vanvitelli
s Line 1 Giornat Toledo
A Und ornate Universita
——— mma onder
construction
Municipio

Figure4.1Line 1 of the Naples metro system

As to the implemented signallingystem the spacing between two consecutive
convoys along the line is dictated by a stafioistation logic, which reans

that a convoy cannot leagestation if the following one is occupied by another
train. However, stations are equipped with home signals for facing eventual
emergencysituations The routing of trains within stations is ruled by electric
interlocking devices (i.e. based on a rel@ghnology, coupled with the
auxiliary ATIS (Audio-frequency Transmission and Interlocking Syste
between Piscinola and Dantehile, electronic interlocking systems (i.e. based
on a software technology) are implemented from Dante to the end of the line
Finally, regardingthe on-board signalling equipmenthe following systems

are installed: continuouSTP (Automatic Train Protection discontinuous\TP
andATO (Automatic Train Operation In particular, the ATP systeprovides

cabsignalling functionssupervision functions and intervention functions such
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as the activation of the emergency brake. On the other hand, the ATO system
hasthe aim of allowing a partial or fulutomation of rail operations.

Rolling stock consists in trains composed by {weoriage modular elements

(i.e. traction units) which can be coupled up to a maximum of three, by
reaching a capacity of 1296 passengers. More in detail, each traction unit has a
capacity of 432 passengers (120 sitting and 312 standing).

Branch to Sarno . Naples

Naples

Branch to Barra
Poggiomarino
Sarno

I
~° @ City of Pompei
oregine 15.6 km

Torre Annunziata . .
Poggiomarino

. Torre Annunziata

Gulf of Naples

City of Amalfi @ _+ 4.4 km
Gulf of Salerno Moreglne
@ Train station
— Double-track 17.0 km
section
== Single-track
section Sorrento

Figure4.2 NaplesSorrento regional line

The second casstudy is represented by tiNaplesSorrento line(figure 4.2)
which is one of the six lines belonging to the Circumvesuviana regional
railway, operated by EAV transport companyrcGmvesuvana network is a
narrowgauge railway which sergéhe metropbtan area of Naples in southern
Italy. It has 97 stations and is about 142 kilometers long. Specifically, the
NaplesSorrento ine connects the regional capitdaples with the Sorrento
peninsula, a very famous tourist area, known all over the worldsferatural

beauty. It is 41.5 kilometers long and dadecomposed into a first pa24.5

157



km long, between Naples and Moregine, based on a dtnalole framework
and a second part, 17.0 km long, between Moregine and Sorrento, based on a
singletrack franework. Moreover, in Barra and Torre Annunzjatsere are
the junctions respectively for Sarno and Poggiomarino. Hence, between Naples

and Torre Annunziatahere isanoverlapping of different lines.

The spacing between two successive convoys alongnthés dictated by the
Italian cab signalling system, known as BACC (Bloccdohuatico a Correnti
Codificate); while, the onboard signalling equipment is represented by the
Italian ATP system known asSCMT (Sistema di Controllo Marcia Treno).
Finally, the interlocking systems are based on a relay technology and field
elements are operated and controlled electrically by means of dedicated
buttons. Trains operating on the line are made up of three indivisible carriages,
each of which offers a maximum capgoof 450 passenger@l8 sitting and

402 standing)for a total capacity of 1350 passengers.
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In both caseshirastructure, signalling system and rolling stée&tures need

to be properly modelled within thEeSMwhich is performedby the micro

simulation software OpenTrackn particular,figures 4.3 and 4.4 show the

analysed networks as being depicted in OpenTrack.

[krah]

[emsh]

Figure4.6 Tractive effort/velocity of the NapleSorrento line train.
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Clearly, given the passengeriented perspective adopted in this wak well
asthe importance of considering interactions betwegawel demand and rail
servicewidely discussed in the previous chapter, the capacity offered by the
convoys is crucial for our analysis. However, in order to calibrateSe¢&M
faithfully to the reality,also mechanical and traction features of rolling stock
have to be accurately modelled (egdherence loadmaximum speed,
maximum tractive effort, rotation magsctor). Byway of examplefiguresa4.5

and 4.6 show the tractive/effort diagram of trains operatirggpectively on

Line 1 and on the NdesSorrento linelt is worth noting thatalthough trains
operating on the Naple€Sorrento line can reach theoretically a maximum speed
of 90 km/h, the short distance between two consecutive stations rarely allows

them to effectivelyeachsuch aspeed.

8 2888238838828 883888282828
8 855g2c-c¥T¥Eeseg g8 S
I s L
Weekdays 8 14'
I I I I I I I I I I I ! !
Festives | 10 iz 10 [
Figure4.7 Timetable of Line 1.
D [oo| D D D | oD 5] 5] D 5] D 5] D[ o[ b D [DD] D 5]
" |rer | |
M | 13 (093] 15 | a7 | 19 | 21 | 23 | 25 | 27 | 29 | 31 | 33 | 35 | 37 | 3 | &1 | 43 | 45

NAPOLI P.Nolana 609|640 | 6.44 | 7.00| 7.39 | 811 8.39 | 9.09 | 9.39 | 10.09] 10.39(11.09| 11.39[12.09| 12.39 13.09|13.41(14.09]|14.39
Napoli Garibaldi 611|642 (646 | 7.11| 7.41 | 813 | 841 | 911 | 9.41 [ 10.41)10.41[11.11] 11.41 [12.41] 1241 [13.11]13.43]14.11|14.41
Via Gianturco 613 648 (713|742 8.43 [ 913 | 943 |10.13| 1043 11.13| 11.43|12.13 | 12.43 |13.13 1413|1443
S. Giovanni 6.15 6.50 | 715 | 7.45 8.45 [ 915 | 9.45 | 1015/ 10.45) 11.15| 11.45|12.15 | 12.45 [13.15 14.15(14.45
BARRA 617 652|747 | 7.47 8.47 [ 917 | 9.47 [ 1017 10.47| 11,17 11.47|12.47 | 1247 |13.97 1417|1447
S. Maria del Pozzo 619 654 719 | 7.49 849 [ 919 | 9.49 (1019 10.48( 11.19| 11.49|12.19| 12.49 |13.19 1413|1449
S. Giorgio 621|649 (656|721 | 751|820 851 | 8.21| 951 1021/ 10511121/ 11.51[12.21] 1251 [13.21]13.50| 1421|1451
S. Giorgio-Cav.Bronzo 623 658 (723 7.53 8.53 [ 923 | 953 |10.23| 10.53( 11.23|11.53|12.23| 12.53 |13.23 1423|1453
Portici Bellavista 6.24 6.59 [ 7.24 | 7.54 8.54 [ 924 | 9.54 | 10.24| 10.54 11.24|11.54|12.24 | 12.54 |13.24 14.24|14.54
Portici Via Liberta 6.26 7.01|7.26 | 7.56 8.56 [ 9.26 | 9.56 | 10.26| 10.56 11.26| 11.56|12.26 | 12.56 |13.26 14.26(14.56
Ercolano Scavi 6.26 | 6.527.02| 7.28 | 7.56 | 6.23 | 8.56 | 9.28 | 9.5 | 10.28) 10.58( 11.28| 11.58 [12.28| 12.58 (13.28|13.53(14.28]|14.58
Ercolano-Miglio D'Oro 629 704|729 758 8.59 [ 929 | 9.59 | 10.29| 10,58 11.28|11.59|12.29| 12.59 | 1329 1429|1458
Torre del Greco 631|655 (706|731 | 801|825 901 | 8.31|10.01/10.31) 11011131/ 12.01[12.31| 13.01 [13.31]13.55|14.31|1501
Via S. Antonio 633 708|733 | 803 9.03 [ 9.33 | 10.03| 10.33 11.03( 11.33| 12.03|12.33 | 13.03 | 1333 1433|1503
Via del Monte 634 709|734 804 9.04 [ 9.34 | 10.04| 10.34| 11.04| 11.3412.04|12.34| 13.04 | 1334 1434|1504
Via dei Monaci
Villa delle Ginestre 6.36 742 7.36 | 6.06 9.06 | 9.36 | 10.06| 10.36| 11.06 11.36| 12.06|12.36 | 13.06 |13.36 14.36|15.06
Leopardi 6.38 7.13( 738 | 608 9.0 [ 9.38 | 10.08| 10.38| 11.08 11.38(12.08|12.38 | 13.08 |13.38 14.38(15.08
Via Viuli 1339 1439|1508
Trecase 640 715 740 B.10 9.10 [ 9.40 | 10.10| 1040|1110 11.40| 12.10|12.40| 13.10 | 13.4D 14.40/15.10
TORRE A. Olponti_a. 642 | 700|717 | 742|812 | 831 8.12 [ 942 | 1012|1042 1112|1142 12.12[1242| 1312 [1342|14.01[14.42]|15.12
TORRE A. Oplonti  p. 643 701|718 743 [ 813 | 832 | 9.13 | 9.43 | 10.13| 10.43[ 11.13] 11.43{ 12.13[12.43| 13.13 [13.43(14.02|14.43[15.13
Pompei 8. Villa Misteri 647 | 7.05(7.22| 7.47 | BA7 | 8.36 | 9.17 | 9.47 | 1017 10.47| 1117 1147 12.17 [12.47 | 1317 13.47 |14.06( 1447|1517
Moregine 648|706 | 7.23| 7.48 | 818 9.18 [ 9.48 | 10.18| 10.48| 11.18| 11.48| 12.18| 1248 | 13.18 | 13.48 14.48|15.18
Ponte Persica 643 7.24 | 749 6.139 9.19 [ 9.49 |10.19( 10.49) 11.19) 11.48( 12.13|1249 | 13.19 |13.49 14.4915.13
Pioppaino 651|7.09|7.26 7.51 ( 821 | 840 | 9.21 | 9.51 10211051 1121 11.51| 12.21{12.51| 1321 |13.51|14.10|14.51 (1521
Via Nocera 654 |7.11|7.29| 754 [ 8.24 | 642 | 9.24 | 9.54 | 10.24|10.54| 11.24| 11.54] 12.24 | 12.54| 13.24 |13.54|14.12|14.54|15.24
Castellammare 657 715|731 757 [ 827 | 846 | 9.27 | 9.57 | 10.27(10.57( 11.27| 11.57| 12.27 12,57 | 13.27 |13.57|14.16|14.57|1527
Pozzano 7.35 | 801 | 6.31 | 8.48 | 9.31 [10.01[10.31| 19.01] 11.31| 12,01/ 12.31[13.01| 13.31 |14.01 | 14.159(15.01|15.31
Scrajo 7.39 [ 805 | 835 | 8.53 | 9.35 | 10.05| 10.35| 11.05| 11.35/12.05/ 12.35|13.05| 13.35 | 14.05|14.23|1505(15.35
Vico Equense 706|723 (740 | 806 | 8.36 | 8.54 | 9.36 | 10.06| 10.36| 11.06| 11.36( 12.06| 12.36 [13.06 | 13.36 [14.06 | 14.24(15.08]|15.36
Seiano 708|724 742|808 | B.38 | 855 | 9.38 [ 10.08| 10.38 11.08 11.38( 12.08| 12.38 [13.08 | 13.38 [14.08| 142515081538
Meta 7A1| 727|746 841 | B.41 | 858  9.41 [ 10.11| 1041 1111 11.41[12.11] 12.41 [13.11] 1341 [14.11]14.28]15.11|15.41
Piano 743|728 | 7.48 | 813 | 8.43 | 8.59 | 9.43 | 10.13| 10.43( 11.13[ 11.43| 12.13 12.43[13.13| 1343 |14.13|14.29|15.13|1543
S. Agnello 745|730 7.50 | B.15 | B.45 | 9.01 | 9.45 [ 10.15] 10.45 11.15| 11.45(12.15] 12.4513.15| 1345 [14.15|14.31(15.15|15.45
SORRENTO 747|732 | 7.52| 847 | B.47 | 9.03 | 9.47 [ 10.17] 1047|1117 11.47[ 1217| 12.47 1347 | 1347 [14.97|14.33[1547|1547

Figure4.8 Extract of the timetable of the Napi€srrento line
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It is worth noting that, within the&Sé&SM, another importanelementto be
modelled is the planned timetapliehich is easily accessible to all users, for
instance on websites of train operating companies or on departure/arrival
boards inthe stations (figure4.7 and 4.8). This is a chance to underline a
relevantdifference between metrsystems and regional serviagkich has to

be duly taken into account in the simulation task. Specifically, the peculiarity
of metro contexts lies in their nature of frequethaged systems, which means
that the target consists in respegta planned headway, rather than a specific

departuwe/arrival time at each station whicgenerally is even unknown to

users.

Probability
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Figure4.9 Different travel demand levels in the case of Line 1

The last factor to be specifietbr each one of the analysed contextthe
definition d travel demand as-D matricesexpressed in terms of railastons

to be assigned to the network. Also in this case, the different nature of the
analysed systems has to be properly considered, since in metro systems the
demand to be @matedrefersto an urban contextyhile, suburban journeys

have to be evaluated for regional services. In particular, travel demand

implemented for Line 1 has been carried out as shown in Ercolani et al. (2014):
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starting from surveyed data, the functiwhich better fis them is selected and,
thus, different demand levels (i.e. percentile values) can be identified (figure
4.9). However, it is worth pointing out that this is a preliminary result, simply
used asinput for comparing different rescheduling strategies. While, in the
case of applications focused on statistical procedures for handling travel
demand flows according teeculiarities of rail systems, this initial estimation

will be improved and properly enhanced for showing the effectiveness of the
proposed methodology. On the other hand, the travel demand used for the
analysis of unconventional rescue strategies ircéise othe NaplesSorrento

line is that estimated according to the procedure which will be described in

paragrapht.5.2

Once all features related tthe involved components (i.e. infrastructure,
signalling system, rolling stock, timetable and travel demand) have been
properly modelled, it is possible teproduce the current scenamchich

represents the starting point for each further eataiuo.

4.2 Rescheduling applications

In terms of rescheduling actions, the proposed methodology aims to
identify the best intervention strategies for facing disruption conditions in a
passengeoriented perspective. However, as already explained, by ergich
the objective function, additional targets can be evaluated.

The casestudy analysedn this sectionis Line 1 of the Naples metro system
and the considerethilure scenario consists in suppositigat a breakdown

occurs to thecontinuousATP system ofa convoy at Chiaiano station, during
the morning peakour. In this case, thaulty train can rely exclusively on the
discontinuousATP systemand, herefore it is forced to travel at a maximum
speed of 45 km/li.e. the speed value dictated by the posibf the balises for

the discontinuous train protectiorQbviously, this reduction in performance
represents a bottleneck for the whole servi@een the layout of the linehé

testedintervention strategies are based on the following options:
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1 continung the service as far as a station equipped with a recovery track
and driving the train onto the maintenance trgakt after unloading
passengers on the platform;

{1 continuing the servicas far asa station equipped with points and
driving the train to e depot (located next to Piscinola station) by
changing directionust after unloading passengers on the platform;

1 recovering the damaged train on a maintenance track or at the depot
with or without the use of a spare train for completing the service fo

the rest of the day.

Accarding to the optimisation framework described in paragréph
intervention stategies can be formalised by ane of a vector y whose

components are
y1 representinghe stategy type implemented, that is:

1 1 =recovery on a maintenance track

1 2 =changing diction in a station with points
Y. representinghe timewhen the gategy is implemented, that is:

1 1 = during the outgoing trip
1 2= during the return trip

y3 representinghe station where thdrategy is implemented, that is:

1 1 =Colli Aminei

T 2= Medaglie doéOro

1 3 =Vanvitelli

1 4 =Dante

1 5= Terminus (i.e. Garibaldi during the outgoing trip adiiola during

the return trip)
y4 representinghe use of a spare train, that is:

1 1 =no spare train

1 2 =spare train

163



However, the following combinations of values are not feasible:

A changing direction dumyg the return trip, that isa = 2 andy, = 2;

A changing diection at the terminus, thist y; = 2 andy; = 5;

A recovering the trairat a station withat a maintenance track, that is:
y: =1 andyz = 3, andy; = 1 andy; = 4.

Y= (Y1, Y5,Y5,Ye)

Terminus definition

Y2 y3 Y3
Variables Values | Outward Terminus Garibaldi
1 2 3 4 5 Return Terminus Piscinola
Changing
R
v ecovery direction __ _
Yo Outward Return No feasibility combinations

y3

Coll Medaglie Vanvitelli Terminus Y Yo
Y3 Aminei D'Oro Changing direction Return

Na spare Spare Changing direction

Terminus

Y4 train train Vanvitelli
Recovery Outward ColliAminei No spare train
2 2 1 1 1 1 2 Changing direction | Outward ColliAminei No spare train
3 1 2 1 il a, 3 Recove Return ColliAminei No spare train

Recovery Outward | MedaglieD'Oro No spare train
Changing direction | Outward | MedaglieD'Oro No spare train
Recove Return | MedaglieD'Oro No spare train

| 10 | 2 | 1 | 3 ]| 1 [ 1 | 7 [Changingdirection [Outward | Vanviteli [ | Nospare train |

| 14 | 2 | 1 | 4 ] 1 [ 1 | 8 [Changingdirection [Outward | _Dante [ [ Nospare train |

| 17 | 1 | 1 [ 5 | 1 | 1 | o [ Recovery |Outward | Capolinea | Garibaldi
| 19 | 1 | 2 [ 5 | 1 | 1 | 10 [ Recovery | Retun | Capolinea | Piscinola | No spare train |
Recovery Outward ColliAminei Spare train

Changing direction | Outward ColliAminei Spare train
Recove Return ColliAminei Spare train

Recovery Outward | MedaglieD'Oro Spare train
Changing direction | Outward | MedaglieD'Oro Spare train
Recove Return | MedaglieD'Oro Spare train

| 30 | 2 | 1 | 3 ]| 2 [ 1 | 17 [Changingdirection | Andata | Vanviteli [ | Sparetrain_|

| 34 | 2 | 1 | 4 ] 2 | 1 | 18 [Changingdirection [Outward | _Dante [ | Sparetrain |

| 37 | 1 | 1 | 5 ] 2 | 1 | 19 | Recovery [Outward | Capolinea [ Garibaldi | Spare train_|
| 30 | 1 | 2 | 5 ] 2 | 1 | 20 | Recovery [ Retun | Capolinea [ Piscinola | Spare train_|

Figure4.10Feasible intervention strategies
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Therefore, by adopting the above mentioned formulation, 20 feasible solutions
can be obtained, out of a total of 40 combinations, as shown in AgLody

the geen lines.

In particular,a detailed description of the Z@asibleinterventionstraegies
identified in addition to thelo nothingsolution (i.e. continuing the service with
the faulty train for the entire daydicated as intervention strategy I8 shown
in table4.1

No. | Strategy description
0 The faulty train continues to perform its service all day

The train stops at G&olli Aminei during itsoutward trip and i
then driven onto the recovery track. No spare trains are considg

The train stops its run at G8olli Aminei and, after changin
2 direction, is driven empty to the depot. No spare trains
considered

The train completes theutward trip and starts the return trip up
3 CA-Colli Aminei where it is driven onto the maintenance track.
spare trains are considered

The train stopsatM®™e dagl i e dé6Oro duri
then driven onto the recovery track. No spaaens are considered

The train stops its run at MBMledagl i e doéOr o

5 direction, is driven empty to the depot. No spare trains
considered

The train completes the outward trip and starts the return trip
6 MO-Me d a g | i where i6i©driven onto the maintenance trg
No spare trains are considered

The train stops its run at MXanvitelli and, after changin
7 direction, is driven empty to the depot. No spare trains
considered

8 The train stops its run at DBante andafter changing direction,
driven empty to the depot. No spare trains are considered

The train stops at G&aribaldi at the end of its outward trip and
then driven onto the recovery track. No spare trains are considg

The train completes ¢houtward trip and starts the return trip ug
10 | PI-Piscinola where it is driven to the depot. No spare traing
considered

The train stops at G&olli Aminei during its outward trip and

then driven onto the recovery track. A spare train starts

PI-Piscinola to replace the faulty rolling stock for the rest of
daily operation

The train stops its run at G8olli Aminei and, after changin
direction, is driven empty to the depot. A spare train starts

PI-Piscinola to replace the faulty rolling stock for the rest of
daily operation

The train completes the outward trip and starts the return trip
CA-Colli Aminei where it is driven onto the maintenance trach
spare train starts from 4Pliscinola to replace the faulty rolling sto
for the rest of the daily operation

The train stopsatM®e dagl i e dé6Oro duri

then driven ato the recovery track. A spare train starts fi
PI-Piscinola to replace the faulty rolling stock for the rest of
daily operation

11

12

13

14
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No.

Strategy description

15

The train stopsitsrun at MBledagl i e do6Or o
direction, is driven empty to the depot. A spare train starts
Pl-Piscinola to replace the faulty rolling stock for the rest of
daily operation

16

The train completes the outwairip and starts the return trip up
MO-Medaglie d6Oro where it is
A spare train starts from fHiscinola to replace the faulty rollir]
stock for the rest of the daily operation

17

The train stops its run at \WWanviteli and, after changin
direction, is driven empty to the depot. A spare train starts
Pl-Piscinola to replace the faulty rolling stock for the rest of
daily operation

18

The train stops its run at DBante and, after changing direction
driven empty to the depot. A spare train starts frorPREinola tg
replace the faulty rolling stock for the rest of the daily operation

19

The train stops at G&aribaldi at the end of its outward trip and
then driven onto the recovery track. A spare tratarts from
PI-Piscinola to replace the faulty rolling stock for the rest of
daily operation

20

The train completes the outward trip and starts the return trip
Pl-Piscinola where it is driven to the depot. A spare train starts
PLPiscinoh to replace the faulty rolling stock for the rest of

daily operation

Table4.1 Description of intervention strategies

Objective function 8.3), hereinafter referred to as objective function no. 1, has

been calculated for each strategy the case of two different travel demand
levels (i.e. 50th and 85th percentiles of function diepi in figure4.9), by

adopting parameteralues shown in tablel.2 Results are indicated in

table4.3.

Parameter | Value

Byor 5u/

b, 2.5
b, 1

Table4.2 Parameter values
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Objective function no. 1
Intervention 4
strategies Average High
travel travel

demand demand
0 657,707 898,952
1 715,562 948,900
2 715,416 948,702
3 709,942 948,323
4 714,587 950,304
5 714,440 950,106
6 710,432 948,997
7 714,363 950,725
8 712,474 951,169
9 710,533 949,269
10 709,188 947,260
11 650,936 887,697
12 650,790 887,499
13 645,358 886,721
14 646,102 883,667
15 649,832 888,930
16 645,652 887,131
17 648,334 887,565
18 648,191 889,972
19 646,105 887,875
20 644,415 885,404

Table4.3Values ofobjective functiomo. 1 (i.e. user generalised cost) for different travel
demand levels

Given thesimple layoutof the analysed network.€. an isolated metro line
with few points and recovery tracks), the number of feasible solutions is liable
to allow the application ofan exhaustive approach for solving optimisation
problem (3.1). In this way it is possible to have a frame of reference for
evaluating the convenience in applyimgetaéneuristic techniquesfor such
problems.Therefore, in the followinga comparison between tlexhaustive
approach andhe NSA method is providedIn particular,as explained in
paragrapl2.7, theNeighbourhoodsearchAlgorithmis a heuristic local search
method for solving discrete optimisation problems, which can be implemented
according to twadifferent approaches. Theteepest Descent Method (SDM)
consists in examining all elements of the neighbourhood and identifying the
best solution (i.e. the solution with thgest objective function valuejyhile,
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the Random Descent Method (RDeYnsists in randomly extracting a solution

from the neighbourhood and comparing it with the current one. In particular, if
the new solution is lteer than the current one, it then becomes the current
solution; otherwise, another neighbourhood solution is randomly extracted

until the neighbourhood runs out, since all solutions inside have been explored

According to the exhaustive approach, the lseition for the average travel
demand is strategy 20; while, in the case of partigutaowded days (i.e. high
travel demand), strategy 14 is the one whigargntees the lower value of user
generalised cost. However, in order to perform a comparistm nesults
obtained by means of tHheSA method, also the second and the third best
strategies, for the two analysed demand levels, have been ideraifebd

providedin table4.4.

Average travel demand High travel demand

| . Objective . Objective
ntervention . Intervention .
: function no. 1 . function no. 1

Strategies , Strategies ,

[G] [l
First best 20 644,415 14 883,667
Second best 13 645,358 20 885,404
Third best 16 645,652 13 886,721

Table4.4 Exhaustive approach results

On the other handesults obtained by implementing the two proposathnts

of the NSA are compared in figudell which shows that, for both demand
levels, the random approach allows reach the same result with a lower
number of iterations. Additionally, figurel.12 contrasts the exhaustive
approach with the random approach of the NSA and results show what follows.
In the case of the 50th percentidSARDM identifiesasthe optimal solution
strategy 13which is a lochoptimumcorresponding to the second best strategy
according to the exhaustive approain.the other hand, in the case of the 85th
percentile, NSARDM is able to reach the global optimum (i.e. strategy 14)
with a reduction of 60% in compational times with respect to the exhaustive

approach.

168



Objective function
[ku/day]
720

Values (NSA -SDM) Bestvalues (NSA -SDM)

710

700

Values (NSA -RMD)

=== Bestvalues (NSA -RDM)

690

680

670

660

650

640 T

9 10 11 12
Number of analysed solutions

(a) 50th percentile

Objective function
[kd/day]
960

Values (NSA -SDM) Bestvalues (NSA -SMD)

950

Values (NSA -RDM) === Bestvalues (NSA -RDM)

—

940

930

920

910

900

890

880 T

10 11 12
Number of analysed solutions

(b) 85th percentile

Figure4.11Comparison between NS8DM and NSARDM, for the two analysed travel

demand levels
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Figure4.12Comparison between the Exhaustive Approach (EA) and-RBA, for the two

analysed travel demand levels
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Specifically, implementation of the exhaustive approacfuired 1.92 hyhile,

the use of th&lSARDM provided the optimal solutions in 0.77®learly, such

a reduction, which may appear negligible in the case of the simple network
analysed, becomes instead very significant in the case of more complex
contexts, as amply confirmed by the literature (ee,r | nst anc e, D6 Ac
al., 2014).

Moreover, objective functior3(4), hereinafter referred to as objective function
no. 2, corresponding to the same travel demand levels (i.e. 50th and 85th
percentiles of function depicted in figuré.9), has been calculatedn
particular the influence of different values of the components of the weight

vector, i.e. byges By s Droc, Was evaluated (seable4.5). Furthermore, the

parameter values adopted foratdhting the objective functioare indicated in

table4.6, while 6., values are shown in tabde?.

Parameter Weiqht vectors
1 2
bUGC 1 1
Boen, 0.9 25
bTOC 1 1

Table4.5Weights vectors

Parameter Value
bByor 50/ h
b, 25
by, see &ble4.7
tls 15 minutes
C, 18. 17 G/ tkm

Table4.6 Parameter values

Pax /nf | Sitting | Standing
0 1.00 1.77
1 1.11 1.81
2 1.23 1.85
3 1.34 1.89
4 1.46 1.92
5 1.57 1.96
6 1.69 2.00

Table4.7 Parameterp,, values
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The extra cost perceived by passengers (i.e. EN) was calculated by
assuming that passengelscide to leave the rail system if they are forced to

wait more than 20 minutes or skip two runs.

The values of objective functiomo. 2 for each intervention strategyravel
demandevel and weight vector, are summarised in tahi& Specifically,for

each analysedcase, the optimal intervention strategy (i.e. red value),
together with the second and the third best solutionsréspectively aange

and yellow valuesomposingts neighbourhood\ (), are identified.

Objective functi of

Int ervention Average travel demand High travel demand

strategies [ weight Weight Weight Weight

vector 1 vector 2 vector 1 vector 2
0 810,158 823,123(1,091,40§ 1,175,490
1 867,133 901,799 1,148,215 1,267,76(
2 867,398 902,064 (1,148,424 1,267,973
3 860,941 893,028(1,146,053 1,261,216
4 866,097 900,655 1,149,434 1,268,662
5 866,361 900,919 1,149,651 1,268,875
6 861,319 893,406( 1,146,614 1,261,778
7 866,253 900,629 1,150,364 1,269,627
8 864,059 897,293(1,149,833 1,266,764
9 861,096 893,183( 1,146,563 1,261,724
10 860,350 892,437 1,145,153 1,260,314
11 805,454 820,973( 1,083,294 1,171,854
12 804,678 820,197(1,082,47( 1,171,026
13 797,632 | 810,571 (1,079,062 1,163,23(
14 799,497 815,793(1,078,211 1,167,662
15 803,029 818,439 1,083,090 1,171,327
16 797,814 810,753(1,079,36( 1,163,528
17 802,080 818,341(1,082,61(0 1,172,291
18 801,052 815,139 1,083,244 1,169,183
19 797,944 810,883( 1,079,781 1,163,949

Table4.8Values of objective function no. 2 for different travel demand levels
and weight vectors
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Objective -e-Weightvector 1
fU”Ct'O[”,}’alue -B-\Weightvector 2
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Figure4.13Comparisorof different weightvectoss for an average travel demand level

Objective -o-Weightvector 1
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Figure4.14 Comparison of different weiglvectoss for a high travel demand level
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Objective -e-Average travel demand

functlo[rll]i/alue -8 High travel demand
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Figure4.15Comparison of different demd levels in the casaf weightvector 1

Objective -0-Average travel demand
function value O-High travel demand
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Figure4.16 Comparison of different demd levels in the case of weigictor 2

Comparisos among optimal interventiosolutions for different weightectors

are shown in figurel.13 and figure4.14, respectively in the case of average
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and high travel demand. Furthermore, compassonong optimal intervention
strategies for different travel demand levels are shown in figdieand figure

4.16 regectively in the case of weight vector 1 and weigdtor2.

To summarisgsimulation results show that, in general, strategigish adopt

a spare train areo be preferredhowever, if this is not possihlelue to the
limited availability of rolling stock of the train operating company, the
strategies Wwich seve a major number oftops are desible. Indeed, users
prefer to arrive at theidestinationstation, although with a reduced speed
which clearly implies a higher domoard time, rather thato be unloaded and
forced to wait the next train or to change transport mode. Letting the faulty
train complete its trip, before recovering it, appears the best optiorraiso
an operational perspective. Indeed, the fact that the only depot avélable
Piscinola station implies, in any case, the necessityiwindrthe faulty train
until the terminus. In particularit could be recovered during the operations,
after unloading passengers, or at the end of sedm&ever, in both case, this
could leadto additional inconvenience. In fagterformingthe recoverywhile

on service generates additional perturbadiom the ordinary enduct of rail
operations; on the other hardecidingto recoverthe convoyat the end of the

service would require additial resources, both in terms of times and costs.

Obviously, objective function no. 2 is always higher than objective function
no. 1 andjn both cases, the adoption cértain travel demand values affects
the results, in confirmation of the fact that accw@ate estimation othe
involved passenger flows cannot be negleatesiich an analysisurthermore,
objective function no. 2 offers the possibility @nphasising onperspective
rather tha another, by properly settinthe weight vecors. This allows to
capturethe tradeoff between competing prioritiesf any, thus adequately

supportingeachkind of decisioAmaking process in an appropriate manner.

The abovementioned outcomes have been obtained by adopting a
deterministic approach and,etlefore, a sensitivity analysis on the degree of

robustness which thegan guarantee is required. This evaluation can be
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performed by means of the stochastic framewtagcribedn paragrapl8.3.1
Hence for each solution belonging to the identifiedighbourhoodg¢see table
4.8), numerous microscopic simulatiomsve beercarried out by changing
stodhastically the input parameteigariability in acceleration, maximum speed
and dwell tmes has been taken into account. Specificalin performance
(i.e. acceleration and speed modelled according ta piecewise linear
distribution function: 33% of the trains are supposed to perform ai 83%,
33% at 90% 95%, and 34% at 950400%;while, dwell times at stationare
defined according ta negative exponential random variable whose average is
10 secondsHence, in the lighof the above mentionedssumptiors, the
objective function wasomputedagain forseveratimesand then resultshave
been processem order to derive the optimahterventionstrategy for each

case.

Table 4.9 shows theoutcomeof the performed sensitivity analysig\t first

sight, the percentages seem to reflect what has been obtained with the
deterministic approach. Indeed, strategy 20 is the one which enth&es
minimum values of the objective funati in three cases out of foumhile,
strategy 14 acbkves a notable percentage only in one case. However, although
stochastic results show that strategy 20 guarantees the highest level of
robustness, upoa closeg examination, it can be seen that it is the optimal
solution at most in 43% of cases; heribe deterministic approach mesthe

target in theemaining57% of cases.

Strategy 13| Strategy 14| Strategy 16| Strategy 20

Weight 30% 206 31% 37%

Average travel | vector 1
level i

demand level | - weight 30% 1% 35% 34%
vector 2

. Weight 26% 12% 24% 38%
High travel vector 1

demand level Weight 26% 6% 25% 43%
vector 2

Table4.9 Sensitivity analysis results
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This confirmsthe significance of estimating the error degree of a purely
deterministic procedurm order tobe able tanterpret theobtainedresults in a

moreaccuratananner

Besides stochasticity inservice performancée.g. speed and acceleration),
planned timetable (e.g. delays, dwell time) and travel demand lévslgjorth
corsideringalso the radomness in the occurrence obeeakdown. More in
detail, the proposed analysis has been performed once the locatoa the
failure occurshas been fixedi.e. Chiaiano stationkowever the same event
could show up at any other point of the network. Therefore, for properly
considering this aspect, the caled failure-strategy matrixs introducedlt is

a (2n x m) matrix, withn equal to thenumber of statiowhere the breakdown

mayoccur andn equal to thawumber of strieegies to be implemented.

STRATEGIES
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Figure4.17 Failure- Strategy matrix
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Obviously, as the train proceed®ng its trip,the numler of feasible strategies
decreasg since the solutions involving stations alreawlgtbecome no longer
practicable. Therefore, it can be stated that, by properly organising the structure
to adgt, a sort of triangular matrix (since it is ngguare) came obtained, as
shown in figure4.17. The generic entry could be any kind of information
which is possible to derive bysingthe proposed approach as, for instance,
objective function values with the related robustness index compyteckans

of the abovedescribed sensitivity analysig this way,dispatches would be
able toevaluatealso the degree of relklity offered by each solution and,
given the structure of the proposed dataptmss resultsery useful Indeed, as
already stated, the main drawback is represented by the possibilita that
specific condition to be addressed are not included in the datalyate
howe\er, the database could contain rescheduling contexts very simtlae to
one that is being facedrhus, the additionahvailable information on the
degree of robusess, combined with the exparee of dispatchey could allow
them to evaluate the transdility level of the intervention streegieslisted in

the databaseas well a®f therelativeeffects on raibperationsTheintroduced
matrix is chara&rised by a discrete layout, since it considers only stations and
not intermediate points betweereth; however, there is nothing to prevent the
increase in spatial resolution implemented for simulating failure evemtas

to enrich theadoptedevel of detail.Clearly, the overall view offered bsuch
matrix structure can be similarlyexploited for analysing differentkinds of

brekdownand any other issue of conner

4.2.1 Evaluation of unconventional rescue strategies for managing
disruption conditions

This paragraph shows an application on the Naptesento line aimed at
investigating the technological feasibility of unconventional recovery strategies
based on the use of operating rail convoys or bimodafoad maintenance
vehicles (such as locotractors, diggers or catenary maintenance vehicles). In
parti cul amg o n\he rcancemsrtiazeltadt thétey are not allowed
under the current Italian regulations. Obviously, pinesence of these rescue
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vehicles affects the proper conduct of rail service and, therefore, influences
passengesatisfaction.Hence, he chalenge is to determine the intervention

strategies which provide the right balance between the swiftness of rescue
operations and the disturbance inflicted upon rail services during the failure

management phase.

The proposed application focuses on a failwhich makes the faulty convoy
able to travel in nomutonomous conditionshis occursfor instancewhen the
ontboard traction system gets brokelm particular, the assumedfailure
scenam consists in considering thaduring the morning peak hour,teain
running from Sorrento to Naples (which represents the most loaded direction in
terms of passenger flows) breaks down,ahérefore,it is forced to stop at
Scrajo station, where all dmard passengers have to alights worth noting

that, sincethis station between Pozzano and Vico Equense has no pmnts,
additional issue to be considered regards the necesgigkaig up passengers

who were unloaded from the faulty train.

The analysed rescue strategies, obviously involving the availablegrstock

of the company which operates the line, consist in the following ten scenarios:

1 Scenario 1.1based on the use of a diesel locomotive with a power of
260 kW, located at the Pascone depot. The diesel vehicle is driven to
Scrajo where it couple® the faulty train and, after changing direction,
tows it to Castellammare. Rescheduling is then required to pick up
passengers who were unloaded from the faulty train at Scrajo;

1 Scenario 1.2similar to scenario 2.1 but based on the use of a diesel
locomotive with a lower power (i.e. 74 kW);

1 Scenario 2 based on the use of a train not operating when the failure
occurs: one of the empty convoys available at Sorrento (i.e. a convoy
which has completed its run from Naples to Sorrento and is ready to
start is service in the opposite direction according to the planned
timetable) is driven to Scrajo wheitecouples to the faulty train and,

after changing direction, tows it to Vico Equense. Rescheduling is then
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required to pick up passengers who were unloaded the faulty train

at Scrajo;

Scenario 3.1based on using two electric locotractors (i.e. maintenance
vehicles) located at Castellammare. The vehicles are driven to Scrajo
where they couple to the faulty train and, after changing direction,
return to Catellammare station where the faulty train is recovered.
Rescheduling is then required to pick up passengers who were unloaded
from the faulty train at Scrajo;

Scenario 3.2similar to scenario 3.1 but, in this case, the locotractors
are initially locatedht Vico Equense;

Scenario 4.1 based on the use of a train operating in the opposite
direction with respect to the faulty convoy (i.e. from Naples to
Sorrento) which has already gone past Scrajo (i.e. the station where the
faulty convoy has stopped) whdmetfailure occurs. The operating train
interrupts its ordinary service at Piano di Sorrento station, wiere
unloads passengers. It then changes direction and proceeds empty to
Scrajo for coupling to the faulty train, which is finally towed to Vico
Equensg in order to be recovered. In this case, an additional issue needs
to be addressed. Indeed, the required rescheduling is twofold: in favour
of users waiting at Scraio (i.e. passengers who were on board the faulty
vehicle) and Piano di Sorrento (i.e. paggrs who were on board the
rescue vehicle). Passengers waiting at Piano di Sorrento station are
picked up by a different train from the one which unloaded them
before;

Scenario 4.2 similar to scenario 4.1 but, in this case, passengers
waiting at Piano diSorrento are picked up by the same train which
unloaded them before;

Scenario 5.1similar to scenario 4.1 but, in this case, the rescue convoy
has not yet gone past Scrajo. Therefore, it interrupts its ordinary service

at Pozzano, where it unloads pagges, and proceeds empty to Scrajo
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for coupling to the faulty train. The coupled vehicle changes direction
and finally the faulty train is recovered at Castellammare station;

1 Scenario 5.2as in scenario 5.1 but, in this case, passengers waiting at
Pozzanaare picked up by the same train which unloaded them before;

1 Scenario 6 based on the use of a train operating in the same direction
as the faulty convoy (i.e. from Sorrento to Naples) and which precedes
it. Therefore, the operating train interrupts itglinary service at Vico
Equense, where it unloads passengers, and proceeds empty to Scrajo for
coupling to the faulty train. The coupled vehicle then changes direction
and the faulty train is finally towed to Vico Equense in order to be
recovered. At this qint, the rescue vehicle may restart its ordinary
itinerary from Vico Equense to Naples, clearly under a properly
rescheduled timetable.

Specifically, the first three strategies (i.e. from 1.1 to 2) are tewondidary
because they are allowed under therent regulations. They involve shunter
locomotives or notoperating trains. By contrast, the other strategies (i.e. from
3.1 to 6) are termednconventionabecausgas already statedhey involve
vehicles which are currently not allowed to be used éscue servicetsee
EAV 2015a;2015b).

Scenario User generzillised cos

[0]
11 340,116
1.2 317,855
2 336,659
3.1 355,061
3.2 375,753
4.1 345,727
4.2 313,805
5.1 275,010
5.2 274,887
6 322,489

Table4.10User generalised cost for each recovery scenario
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Therefore by adopting the optimisation freework described in paragra@tl

and implementing the travel demamwtained by means of the procedure
which will be illustrated in paragraph.5.2 it is possible to derive the user
generalised cost (i.e. objective functidh3) for each recovery scenario.

Simulation results are shown in tadld.Q

The outcome of the procedure points out thia¢ optimal intervention
strategiesare those involvingoperating trainswhich offer a considerable
towing capability and are able to reach lgkpeedsMoreover, the fact that
such convoys are able to prdei a service for passengeirmmediately afer
completing rescue operatigmeakes thenthe most appropriate choige order

to minimise user discomfort.

By contrast,the highest user geneisdd cost are provided by the use of
electric locotractors. Indeed, such vehicles, contrasting with a low purchase
price, as well asghe possibility of being located at strategic points of the line
and travelling on ordinary asphalt rogdsorder to miimise the time required

to reach the faulty trainpffer a very limited towing capabilityThis impliesa

high disturbance to the ordinary conduct of rail operations and generates great

inconvenience for users.

Regarding theecovery actiondased on the use of operating tgiih is worth
pointing out what follows. Althougtsuch strategies presetite drawback of
unloading passengerboth for the faulty and the recovery trains, simulation
resultsshow that passenger waiting times on platf®, when they alight from

the faulty train, are actually lower than the delays incurred if they remain on
board and the system is restored by means of a diesel locomotive or an empty
but distant rail convoy. Howevgethe alteration of passenger percepttays.

For this reason, it is fundamentalitdgroducesuitableinfo-mobility strategies

for providing information to passengerson the development of rescue

operations.

Obviously, for allowing an effective utilisation of op#ing trains as rescue

vehicles amendments to current Italian regulaticea® required.However,
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given the high level of complexity and automation achieved in all
transportation fieldst can be statethat this represents a mere formality.

4.3 Energy saving pdicies applications

In what follows the analytical methodologptroducedn paragrapt8.3.2 asa
decision support tool for the implementation efodriving strategiesis

applied to the Line 1 metro system

Figure4.18shows tle elevation profile of the linayhile, figure 4.19 provides
the layout of terminus stations both cases, a great asymmgetvhich clearly

influencesenergy consumption in the two trip directipnan be natd

Table 4.11 provides numerical values of all operational parameters being
calculated by means of microscopic simulatidngatrticular, travel, dwell and
inversion times were obtained by adopting a cheteistic method; while, for

the computation of buffer times, a stochastic approach is required bemfaus
their function of recoveringdelays. Therefore, by implementing several
stochastic simulations taking into account the randomness of train
performarce, dwell times and delays, it is possible to derive the statistical
distribution of all involved parameters anthus, determine buffer times as

function of an assumed confiderdegel.

Elevation [m]

300 =@-Ground leve
-@-Track level

) // \\%\\
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N

0
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Length [km]
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Figure4.18Elevation profile of Line 1
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Figure4.19Layout of terminus stations

Value
Piscinola- Garibaldi-
Parameter Garibaldi Piscinola
direction direction
Travel distance 18.791km 18.616km
. 1,463s 1,485s
Totaltravel time [ 24.4min] [ 24.8min]
. 400s 400s
Total dwell time [6.7min] [6.7min]
Inversion time 307s 268s
[5.1min] [4.5min]
Buffer time 116s 103s
[90" percentile] [1.9min] [1.7min]
Buffer time 131s 116s
[95" percentile] [2.2min] [1.9min]
Buffer time 159s 141s
[99" percentile] [2.7min] [2.4min]
Cycle time 4,542s
[90" percentile] [ 75.7min]
Cycle time 4,570s
[95" percentile] [ 76.2min]
Cycle time 4,623s
[99" percentile] [ 77.1min]
- 307s
Minimum headway [5.1min]
Energy consumption 279.00kwh | 386.21kWh

Table4.11Operational parameters of Line 1

For this purpose, let!, and d’, be the difference iperformance between the

stochastic and the deterministic travel timesspectively in the case of
outward and return tripati-th stochastic simulation. Specifically, they can be

calculated as fobws:

o

- é — i, STOC - i, STOC , i ,STOC6 a.. DET - DET -+ DET 6
Ofn =aa ttllot ta dt;ot +it l|)t 0- &g ttlot ta dtsot + Itot 0 (4-1)
C lot sot + Clot sot -
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. _ A 9 a.. Q
¢ =88 WA dtTo o8 B T A T vt 8
Cirt srt + Clot srt
where X'°™¢ represents the value of variab¥e in the case of thé-th

DET

stochastic simulationX =" represents the value of varial{an the case of a

deterministic simulation.

Since stochastic simulations are based on reductions in train performance, it
can be stated that:

d‘ 20 "
Xi,STOCz XDET n ' X Y (43)

Iotg 20 Ui

Hence, by assuming thaf, and d, are distributed according to a Normal (i.e.

Gaussian) distribution, it is pgble to calibrate function parameters (i.e. mean
and variance)so as to reproduce observed ddig solving the following

minimisation problems:

=34 —afmggnlnzot( oS 2) (4.9

[Ept, ] —argman (a:t,n;lt, rt) (4.5
M S t

with

s220ands;20 (4.6

where m, and m, are the means of the Normal distributions in the case of
outward trip 6t) and return triprt); Egt and Egt are optimal values ofr}, and
m,; sZ and s’ are the variances of the Normal distributions in the case of
outward trip 6t) and return triprt); £ and £ are the optimal values of?

and s?; Z., is an objective function which expresses tap between the

rt’

cumulative distribution of observed valuel and the cumulative distribution

185



of the normal function of parametetsn,;s2);Z, is an objective function

which expresses thgap between the cumulative distribution of observed

valuesd], and the cumulative distribution of the normal function of parameters

(m;s3).

1,

2
sot

m;

2
St

64.114

40.803

56.922

36.247

Table4.12Normal distribution parameters
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Figure4.20Comparison betweetumulative distributions in the case aftward trip
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Figure4.21Comparison between cumulative distributions in the casetofntrip

Results of the calibration phases (thee solution of minimisation problem&.4

and4.5 are shown in tabld.12 while, comparisons between the cumulative
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distribution of observed values andhe cumulative distribution of
corresponding normal functions are proposed in figdre8and4.21

These values were adoptit deriving buffer times in the case of confidence
levels eqal to 90th, 95th and 99tbercentiles. @arly, since the computation
of cycle time involves buffer timesalso this parameterwas calculated
according to the same confideriegels (see tabld.11).

The next step consists in analysing some operating schemes with the aim of
comparing analytical results with those obtained by means of the micro
simulaion software OpenTrack, so as to validategh@posed methodologin
particular, once a valud (which has to meet at leastet minimum headway
requirementjndicated in tablel.11as 5.1 minhas been fixedt is possible to
calculatethe minimum and the maximum numbesf convoys required to
peform the serviceby applyingequations(3.34) and @.35 in the case of
layover times equal to 0. Then, oncdeasiblenumber of convoy$ias been

fixed, theturt can be computed by mesaof equation3.20). At this point, it is
necessary to properlsplit the turt between the outward and the return trip,
and therefore the feasible set for parameterhas to be computed by means of
equation 8.27). In particular, within this range, the value @fi.e. Uy) which

allows to obtainthe lowerHni, has been selecte@®bviously, Hmin will be
different from the initial headwaid. Indeed,adopt i ng a <certain
implies thedefinition of the layover timeat the terminus stations and, since
these times are spent by the convoy in a stop condition, the spacing allowed
between trains, unavoidably, changes well as the minimum feasible
headvay according to equation3(40. For this reason, it is necessary to
perform a feasibility test of thanalysedconfiguratiors which consists in
verifying tha thevalue ofHnmi, is not higher tha the initialheadwayH.

Results caied out in the case of the three considered percentiles (i.e. 90th,
95th and 99th) are provided in tab®43- 4.15 where the red values indicate
the unfeasible operating schemiss worth pointing outhiatanalytical results
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present a full congruence with the simulation outcome, confirmirgy th

effectiveness of thdeveloped analyti¢cdramework.

H turt Hmin
[min] NCrin | NCrax NC [min] Aopt [min] Test
5.5 14 15 14 1.30 42.3% 5.12 OK
5.5 14 15 15 6.80 48.5% 6.87 NO
6.0 13 14 13 2.30 45.7% 5.12 OK
6.0 13 14 14 8.30 48.8% 7.62 NO
7.0 11 12 11 1.30 42.3% 5.12 OK
7.0 11 12 12 8.30 48.8% 7.62 NO
8.0 10 11 10 4.30 47.7% 5.62 OK
8.0 10 11 11 12.30 49.2% 9.62 NO
9.0 9 10 9 5.30 48.1% 6.12 OK
9.0 9 10 10 14.30 49.3% 10.62 NO
10.0 8 9 8 4.30 47.7% 5.62 OK
10.0 8 9 9 14.30 49.3% 10.62 NO
12.0 7 8 7 8.30 48.8% 7.62 OK
12.0 7 8 8 20.30 49.5% 13.62 NO
14.0 6 7 6 8.30 48.8% 7.62 OK
14.0 6 7 7 22.30 49.6% 14.62 NO
15.0 6 6 6 14.30 49.3% 10.62 OK

Table4.13Feasible configration calculation in the case of 90th percentile

H turt Hmin
[min] NCiin | NCiax NC [min] Aopt [min] Test
5.5 14 15 14 0.83 36.0% 5.12 OK
5.5 14 15 15 6.33 48.2% 6.87 NO
6.0 13 14 13 1.83 43.6% 5.12 OK
6.0 13 14 14 7.83 48.5% 7.62 NO
7.0 11 12 11 0.83 36.0% 5.12 OK
7.0 11 12 12 7.83 48.5% 7.62 NO
8.0 10 11 10 3.83 47.0% 5.62 OK
8.0 10 11 11 11.83 49.0% 9.62 NO
9.0 9 10 9 4.83 47.6% 6.12 OK
9.0 9 10 10 13.83 49.2% 10.62 NO
10.0 8 9 8 3.83 47.0% 5.62 OK
10.0 8 9 9 13.83 49.2% 10.62 NO
12.0 7 8 7 7.83 48.5% 7.62 OK
12.0 7 8 8 19.83 49.4% 13.62 NO
14.0 6 7 6 7.83 48.5% 7.62 OK
14.0 6 7 7 21.83 49.5% 14.62 NO
15.0 6 6 6 13.83 49.2% 10.62 OK

Table4.14Feasible configrationcalculation in the case of 95th percentile
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H turt Hmin
[min] NCrin | NCrax NC [min] Aopt [min] Test
5.5 15 15 15 5.45 47.4% 6.87 NO
5.5 15 15 16 10.95 48.7% 9.62 NO
6.0 13 14 13 0.95 35.1% 5.12 OK
6.0 13 14 14 6.95 48.0% 7.62 NO
7.0 12 12 12 6.95 48.0% 7.62 NO
7.0 12 12 13 13.95 49.0% 11.12 NO
8.0 10 11 10 2.95 45.2% 5.62 OK
8.0 10 11 11 10.95 48.7% 9.62 NO
9.0 9 10 9 3.95 46.4% 6.12 OK
9.0 9 10 10 12.95 48.9% 10.62 NO
10.0 8 9 8 2.95 45.2% 5.62 OK
10.0 8 9 9 12.95 48.9% 10.62 NO
12.0 7 8 7 6.95 48.0% 7.62 OK
12.0 7 8 8 18.95 49.3% 13.62 NO
14.0 6 7 6 6.95 48.0% 7.62 OK
14.0 6 7 7 20.95 49.3% 14.62 NO
15.0 6 6 6 12.95 48.9% 10.62 OK

Table4.15Feasible configration calculation in the case of 99th percentile

The increasem total buffer time are equal to 0.47 mtasfrom the 90th to the
95th confidencelevel, equal to 0.88 mutes from the 95th to the 99th
confidencelevel, and equal to 1.34 mires from the 90th to the 99th
confidencelevel. In particular,by comparing hese quantities with thaurt
values the following can be statedf the sum of layover time§.e. turt) is
higher than buffer time increases, the increaseotal buffer time can be
compensated by the reductiontatal layover timeand, thusthe sumof buffer
and layover timegi.e. total reserve timeps well asthe minimum headway
can bekept constantOn the other handf theturt is lower than the increase in
buffer times,total reserve timeannot be kept constant and the configuration

maybeunfeasible.

4.4Planning tasks: estimation of dwell times as flovdependent factors

A fundamental task to be addressed in the case of rail systemmslagibtedly

the timetableplanning phaselt is aimed atcarrying out a stable $wdule
satisfying travel demand requirements and offering an appropriate degree of
resilience in orderto be able tamitigatedelays by avoiding their propagatijon

as well as other knoetain incidents Within this framework the evaluationof

dwell time as a flow-dependent factors crucial so asto obtain a reliable

estimationof such parametend adequately support the timetabling phase.
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In the following an application to the Line 1 metro system of the
methodological framework described in paragrdgh3will be provided.lt is

worth pointing out that the choice of a metro network was no accident; indeed,
because of the close distance between two succesdioastalwell times are
generally comparable to travel times and, therefore, the need to perform an

accurate estimation of them grows in importance.

As already shown, the reciprocal dependence between rail service and travel
demand generates the snowbeffects: the number of passengers on the
platform influences the dwell times of trains at stations, which may cause
delays; these, in turn, produce an increase in headways which generates more
passenger flows on th@atform providing a furtheextensionof dwell times

and, therefore, additional delays. Actualtiie fact thatthe analysed metro
context ischaracterisethy an 8 minute headwdapr most of the daynakes the
snowball effect not so evident. Therefore,order to verify on one handhe
capady of thedevelopednethoddogy to capture this phenomenon and, on the
other handthe importance of estimating dwell time as functionhefinvolved

flows, in the proposedapplication we stressed the system by simuladiexgser
timetables, with a decredsg value of headways between two successive
convoys and a fixed planned dwell tirfiee. equafor each statiomnd for each

run), without any differencéetween peak hours and-giak hours.

For each one othe consideredimetables, the threefold interaction between
passengers and trairsssimulatedand the fixegpoint problem 8.56) is solved,
so as to estimatelwell times for each station and for aeh run as

flow-dependent valige

Specifically, two kinds of surveyave beemperformed a survey of passenger
flows for estimating travel demandsee figure 4.9 and a surveyof
boarding/alighting flows, as well asain stop durationsfor determining the

passenger flovdwell time functiondepicted in figuret.22
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Figure4.22Dwell time calibration function

In particulay its analytical formulation is provided in thelfmliing equation:

5 if 0¢td™ ¢ 3.5279

_m:

dwt, =

(4.7)

10.8602Gd™ +1.9653  if 3.5279<td™ ¢ 2(Tap,

where td*" represents the sum of passengers boarding and alighting at the

most loaded doorCap, is the capacity of the rail coach which represents the

maximum number of boarding passengers amuivalently, the maximum
number of alighting passengers. Hence, the worst case consists in a completely
full coach, which first unloads all passengers and then loads them again (in this

case, the number of transiting passengers is equalBap, ). This implies

that, sincetd.™ has a maximum value, the dwell time is upper bounded.

In particular, inorder to investigate the sensitivof the proposed framework

to different crowding conditions, three levels of travel demand have been
considered (i.e. 85th, 90th and 95th percentiles of the distribution shown in
figure 4.9).

Numericalvalues adopted for modelling ialved capacity constraints are:
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1 20 passengers per door (according to the experimental evidence during
surveys);

1 216 passengers per carriage (according to the capacity of the rolling
stock adopted on the line);

1 wherever the capacity of the carriage was reached, the surplus is
distributed in proportion to the residual capacity of the remaining

wagons.

Once all required dathave beercollected the resolution algorithm can be
implemented. As already mentionapginerally,the procedure used for solving
fixed point problems ishe MSA algorithm (described in paragrapgh4);
however, in this casejiven thenature ofthe involved functiors, which do not
satisfythe teoretical conditions ensurirthe uniqueness of the solutjaih is
not possible taule out that the algorithm divergels other words, it is not
possible to demonstrate the convergence ofatgerithm on a mathematical
basis.Hence a numerical evidence for assuring converggmopertieshas to
be found or, alternatively, differentesolution methods have to be
implemented. Therefore, in addition to tHdSA method, theiterative
algorithm is analysed In particulay an accurateassessment oftheir
convergence propertiegn the specific considered contextas been carried

out.

As regardghe iterative algorithmthere is no case in whidts convergence
can be guaranteed on a theoretiwathematical basis artfis, at first, could
suggest that such an approachnappropriate as much as tMSA method.
However, we can rely on the numerical evidence provided by Placido (2015)
which implemented bothesolution procedurem the case of thesame real
metro line (i.e. Line 1) and ascertained their convergence to the same

configuration of dwell timesas well

Nevertleless, in this specific casethe fact thatthe MSA method produces
decimal values at each iteratiaepresentsan additional dnaback. Indeed,

since the service simulation nmelds implemented by means of the OpenTrack
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software decimal output valuebave to be rounded up/down to the nearest
integer before being set up within tineodel and this generatea two-fold
problem: algorihm convergence slows down and the iterative process assumes
a discrete natureln particular, the latter issugives rise toa leak in the
continuity of function y (¢ indicatedin equation(3.52 and, therefore, in the

conditions ensuring the existence of solution.

Hence, in the light of the above, the resolution method selected is the iterative

algorithm (see figurd.23.

Starting Dwell Time

A 4
SeSM

\ 4

A
Simulation of the threefold

interaction during the
boarding/alighting process

A
New Dwell Time

v
NO B B YES
Termination test

STOP

\4

Figure4.23lterative algorithm

The initialization of the algorithm occurs withrandom value of the dwell
time vectordwt’. Then, &the generic iteration according to the dwell time
vector dwt' , headways are deed by theSeSM Consequentlyon the basis of

the output of theSeSM,a new dwell time vectorgwt™, is establishedy

simulatingthe threefold interaction between passengers and convoys
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The implementedermination test is:

adwt ™ - dwt 8
maxlgd—CKOOl ori>M (4.8
(; -

whereM is a prefixed valueindicating the maximumumberof iterations (for
instanceM = 1,000). If the test is verifiedhe algorithm stops; otherwise, the
new headways amalculated The significance of setting a termination test lies
in the necessity of preventinthe algorithm from performing an infinite

number of iterations.

However, it is worth mentioning downsideof the proposed metholbgy:
given the random naturd dwell times, resultingvalues shoutl be considered
as the expected valsief dwell times needed for the boarding/alighting process
and, therefore, no information concernitigeir statistical distribuon is

provided.

The iterative method has been implemented for each planned headway
analysed (i.e. from 8 to 3 minutes) and for each level of travel demand (i.e.
50th, 85th and 95th percentile), amounting to a total of 18 processed scenarios.
The number ofruns for each planned headway (detailed for the outward and
return trip andthe number of iterations required for solving the fixint
problem, in the case of each planned headway and each travel demand level,
are provided in tablé.16 It is worth noting that the convergence is reached for
each analysed scenario, since the number of maximum iterations is never
achieved. In particular, as can be sdbe, number of iterations varies from a
minimum of 6 to a maximum of 18, presenting a considerable increase with the
reduction in the planned headway, dua gowing system instability. Clearly,

the lower the planned headway to be analysed, the higheuthber of runs

and, consequently, the computational time required. However, since our
methodologyrepreserg a support tool for design tasks, time is naohatter of

concern.
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E;ch\g, Number of runs Travel demand I\_lumb_er of
[min] Outward trips Return trips level lterations
50th 6
8 23 19 85th 7
95th 6
50th 6
7 26 21 85th 8
95th 6
50th 7
6 30 25 85th 13
95th 10
50th 17
5 36 29 85th 10
95th 15
50th 8
4 45 36 85th 10
95th 18
50th 8
3 60 48 85th 15
95th 12

Table4.16Feasible configuration calculation in the case of 99th percentile

The outcome of the procedure consists in estimativwgll times for each
station and for each run. By way of illustration, tabfe$7 - 4.19 provide
converging dwell times for a planned headway of 8 minutes, detailed for the
three levels of travel demand analys€tkarly, such a result has been derived
also for other simulated @mhned headways. Moreover, for ensuring that the
train is able to perform the outward trip, the return trip and the outward trip
again without beng delayed, also dwell times at the first station hevée

properly designed.

Dwell times present a chand®e nature both along columns (i.e. the stations)
and rows (i.e. the runs with a certain planned departure time associated),
confirming the spatial and temporal variability by which they are affected.
Furthermorethe same run at the same station coulct lzaglifferent dwell time

on different days, according to the travel demand level at that time and, hence,

theamount of flowinvolved in the boarding/alighting process.
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Attention is drawn to the fact that values shown in the tatdpsesent the
dwell times reached at the end of theokition of the snowball effectyhich,

as already pointed oudmplifiesthe invdved quantitiesand this justifieghe
presence of valwawvhich could be considered excessive in ordinary conditions
(e.g. 90 secondsAdditionally, chaotic conditions generated by congestion
bothduring the boarding/alighting process andbmard further magnifythese
values. Indeed, as shown by Weston (1989) and Douglas (281&rtain
number of users, which constitutes a mixed figw. some users must board
and others must alight), requireslonger time, with respect to the case that
they represent an unidirectional flow, for going through the same door.
Moreover, the fact thaisers do not know exactly the position of the daor i
the moment in whichhte train is approachinigducesthem to walk randomly

on the platformRegarding onboard congestion, dwiaimescan increase also
due to standingpassengers close godooror passengers who move inside the
coach. This could happdrecause, in the analysed contadprsdo not open
onthe same side in all stationEherefore, esults confirm that it is not possible
to simply statehat dwell times increases the travel demand increaseiisTis

due to the fact that, as alreadydsaiwell time in a station depends tre
arrival rates in that station, the arrival rates in the previous stations and the
framework of travel demand (in terms of alighting flows¢nce,it represersg

the converging value of an equilibrium procedure sToinfirms the necessity

of adopting suitable simulation techniques for accurately modedlirch a

complex and notinear phenomenon.

The variation of dwell times between two successive runs may produce
changes in headway in each station. However, the timetable was planned so as
to ensure that headway was constant on average. In order to highlight this
aspect, figuregt.24 - 4.26 provide, for each planned headway and for each
travel demand level, the maximn and the minimum actual headveay
Specifically, they ar®@btained by implementing the converging dwell times in

the simulation model andhen selecting maximum and minimum values

among all resulting headways (i.e. &ach run and for each station).
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Additionally, it is shown that average values of actual headways deinci
perfectly with planned ones.

Outward trip
RUN STATON | 4 | 5 | 3| a|s |6 |7 |8|o|10]11]|12]|13|14|15]16]17
1 44 | 37 | 13| 12| 29| 19| 39| 43 | 59 | 45| 11| 28 | 29| 76 | 36 | 32 | 50
2 44 | 37| 13| 12| 29| 19| 39| 43 | 59 | 45| 11| 28 | 29| 76 | 36 | 32 | 50
3 44 | 37| 13| 12| 29| 19| 39| 43 | 59 | 45 | 11| 28 | 29| 76 | 36 | 32 | 50
2 44 | 37| 13| 12| 29| 19| 39| 43 | 59 | 45 | 11| 28 | 29| 76 | 36 | 32 | 50
5 44 | 37 | 13| 12| 29| 10| 39| 43 | 59 | 45 | 11| 28 | 29 | 76 | 36 | 32 | 50
6 44 | 37 | 13| 12| 29| 10| 39| 43 | 59 | 45 | 11| 28 | 29| 76 | 36 | 32 | 50
7 44 | 37 | 13 | 12 | 29| 19| 39| 43 | 59 | 45 | 11| 28 | 29| 76 | 36 | 32 | 50
8 44 | 37 | 13| 12| 29| 19| 39| 43 | 59 | 45| 11| 28 | 29| 76 | 36 | 32 | 50
9 44 | 37| 13| 12| 29| 19| 39| 43 | 59 | 45| 11| 28 | 29| 76 | 36 | 32 | 50
10 24 | 37| 13| 12| 29| 19| 39| 43 | 59 | 45 | 11| 28 | 29| 76 | 36 | 32 | 50
1 44 | 37 | 13| 12| 29| 10| 39| 43 | 59 | 45 | 11| 28 | 29 | 76 | 36 | 32 | 50
P 44 | 37 | 13| 12| 29| 10| 39| 43 | 59 | 45 | 11| 28 | 29| 76 | 36 | 32 | 50
13 44 |37 | 13| 12| 29| 10| 39| 43 | 59 | 45 | 11| 28 | 29| 76 | 36 | 32 | 50
14 44 |37 | 13| 12| 29| 10| 39| 43 | 59 | 45 | 11| 28 | 29| 76 | 36 | 32 | 50
15 44 | 37| 13| 12| 29| 19| 39| 43| 59| 45| 11| 28 | 29| 76 | 36 | 32 | 50
16 44| 31| 8 | 8 | 26| 17| 39| 42 | 57 | 44| 11| 27| 29| 74| 36 | 32 | 49
17 44| 38| 9 | 13| 36| 24| 30| 73| 96| 43| 11| 32 | 29| 77| 36| 32 | 50
18 38| 35| 8 | 12| 35| 22| 29| 69| 88| 38| 16| 30 | 17| 73| 37| 29 | 49
19 38| 36| 8 | 12| 35| 23] 30 | 71| 90 | 38 | 22 | 31 | 19| 76 | 58 | 59 | 63
20 38 | 36| 8 | 12| 35| 23 | 30 | 70 | 90 | 38 | 22 | 31| 18 | 76 | 39 | 40 | 40
21 38 | 36| 8 | 12| 35| 23| 30| 70 | 90 | 38 | 22 | 31| 18 | 76 | 39 | 40 | 40
22 38 | 36| 8 | 12| 35| 23| 30 | 48 | 65| 27| 20| 13| 9 | 26 | 32 | 35| 34
23 38| 36| 8 | 6 | 22| 6 | 17|23 31| 16| 15] 7 | 7 | 17| 24| 25] 16
Return trip
rog XATONL gl o s a5 | 6|7 |8 |9|10f11]12|13|14]15]16]17
1 65| 27 | 36| 45| 22 | 23 | 28 | 19 | 48 | 50 | 25 | 26 | 43 | 24 | 22 | 52 | 80
2 65| 27 | 36 | 45| 22 | 23 | 28 | 10 | 48 | 50 | 25 | 26 | 43 | 24 | 22 | 52 | 80
3 52| 22| 26| 33| 59| 19| 24 | 17 | 62| 39| 16| 14 | 53| 16| 15 | 61 | 65
2 52 22| 27| 33| 60| 19| 24 | 17 | 62| 39| 16| 14 | 53| 16| 15 | 61 | 66
5 52 22| 27| 33| 59| 19| 24 | 17 | 62| 39| 16| 12 | 53 | 16| 15 | 61 | 65
6 52 22| 27| 33| 59| 19| 24 | 17 | 62| 39| 16| 12 | 53 | 16| 15 | 61 | 65
7 52| 22| 27| 33| 60| 19| 24 | 17 | 62| 39| 16| 12 | 53 | 16 | 15 | 61 | 66
8 52| 22| 27| 33| 59| 10| 24| 17|62 | 39| 16| 14 | 53| 16 | 15 | 61| 65
9 52| 22| 27| 33| 59| 10| 24| 1762|309 | 16| 14| 53| 16| 15| 61| 65
10 52 22| 27| 33| 60| 19| 24 | 17 | 62| 39| 16| 14 | 53 | 16| 15 | 61 | 66
11 52 22| 27| 33| 59| 19| 24 | 17 | 62| 39| 16| 12 | 53 | 16| 15 | 61 | 65
12 52| 22| 27| 33| 60| 19| 24 | 17 | 62| 39| 16| 12 | 53 | 16| 15 | 61 | 66
13 52| 22| 27| 33| 59 | 19| 24 | 17 | 62 | 39| 16 | 14 | 53 | 16| 15 | 61 | 65
14 52 22| 27| 33| 60| 19| 24 | 17 | 62| 39| 16| 14 | 53 | 16| 15 | 61 | 66
15 52| 22 | 27| 33| 59 | 19| 24 | 17 | 62 | 39| 16| 14 | 53 | 16 | 15 | 61 | 65
16 52| 22| 27| 33| 60| 10| 24| 17|62 | 39| 16| 14 | 53| 16| 15| 61| 63
17 52| 22| 27| 33| 59| 10| 24| 17|62 | 30| 16| 14 | 52| 15| 14 | 58 | 58
18 52 22| 27| 33| 60| 19| 24| 17|50 33] 9 | 9 | 41| 20| 10 39| 34
19 52| 22| 24| 25| 6|10 0|6 | 25| 13| 66 |16] 6] 6] 16]20

Table4.17Converging dwell times for a planned headway of 8 minufih percentile
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Outward trip
RUN STATION | v 1 5 | 3| 4|5 |6 |7 |8|o9|10]|11]12]13]|14|15]16]17
1 24| 35| 14| 18| 43| 17| 22| 52| 66|55 11| 35| 19|65 36| 34| 59
2 24|35 | 14| 18| 43| 17| 22| 52| 66|55 11| 35| 19|65 363459
3 24|35 | 14| 18| 43| 17| 22| 52| 66| 55| 11| 35| 19| 65| 36 | 34 | 59
7 44|35 | 14| 1843 | 17| 22| 52|66 |55 12|35 19] 65] 36| 34| 59
5 44|35 | 14| 18| 43| 17| 22| 52|66 |55 12| 35| 19 65 36 | 24 | 59
6 24| 35| 14| 18| 43| 17| 22| 52| 66| 55| 11| 35| 19 65| 36 | 34 | 59
7 24| 35| 14| 18| 43| 17| 22| 52| 66| 55| 12| 35| 19| 65| 36 | 34 | 59
8 24| 35| 14| 18| 43| 17| 22| 52| 66| 55| 12| 35| 19| 65| 36| 32| 59
9 24| 35| 14| 18| 43| 17| 22| 52| 66|55 11| 35| 19| 65| 36| 34 | 59
10 24| 35| 14| 18| 43| 17| 22| 52|66 |55] 11| 35| 19|65 36 3459
11 24|35 | 14| 18| 43| 17| 22| 52| 66|55 11| 35| 19|65 36| 34| 59
7, 24| 35| 14| 18| 43| 17| 22 | 52| 66 | 55| 11| 35| 19| 65| 36 | 32 | 59
13 4435 | 14|18 43| 17| 22| 5266|565 12|35 19] 65] 36| 34 | 59
14 24| 35| 14| 18| 43| 17| 22| 52| 66|55 11| 35| 19 65| 36| 34| 59
15 24| 35| 14| 18| 43| 17| 22| 52| 66|55 11| 35| 19 65| 36| 34 | 59
16 24| 35| 9 | 14|31 13| 23| 55|67 60| 11| 31| 19]|66] 363459
17 2450 | 10| 16| 41| 18| 22|64 72| 47| 11| 31| 18| 68| 36 32|58
18 24| 45| 10| 16| 45| 32| 47|84 |87 | 48| 8 |31 | 18| 79| 31| 32| 56
19 33| 42| 9 | 16| 46| 34|50 | 82| 92|50 12| 32| 25] 74 | 54 | 60 | 66
20 33| 42| 9 | 16| 46| 34 | 50| 82| 92|50 12| 32| 25| 74 | 36 | 41| 44
21 33| 42| 9 | 16| 46| 34|50 | 82| 91 |50 | 12| 32| 25| 74 | 36 | 41 | 44
22 33| 42| 0 | 16 46| 34| 50|54 54| 33| 9 | 14|21 44| 29 36| 3L
23 B 42| 9| 7 28] 7 |22 29| 24| 9| 8 | 8 | 20] 14| 24 31| 20
Return trip
RUN STATON | 4 | 5 | 3| 4|5 |6 |7 |8|o|w0]12]|12]|13|14]|15]16]17
1 51| 28| 48 | 57 | 28| 15| 10| 19 | 47| 43 | 28 | 28 | 30 | 24 | 22 | 44 | &2
2 51| 28| 48 | 57 | 28| 15| 10| 19 | 47| 43| 28 | 28 | 30 | 24 | 22 | 44 | &2
3 55| 30 | 36 | 34 | 38 | 22| 22| 20 | 53 | 50 | 21 | 20 | 53 | 20 | 18 | 59 | 71
2 55| 30 | 37 | 32 | 49| 22| 25| 24 | 55 | 52 | 21 | 19 | 58 | 20 | 18 | 72| 78
5 55| 30| 37 | 32| 49| 22 | 25| 23 | 54 | 52 | 21| 10 | 57 | 10 | 18 | 71| 76
6 55| 30 | 37 | 32 | 49| 22| 25| 23 | 54 | 52 | 21 | 19| 57| 19| 18| 71| 76
7 55| 30| 37| 32 49| 22| 25| 23 | 54| 52 | 21| 10| 57| 10| 18 | 71| 76
8 55| 30| 37 | 32| 49| 22| 25| 23 | 54| 52 | 21| 10| 57| 10| 18| 71| 76
9 55| 30| 37 | 32 49| 22| 25| 23 | 54| 52 | 21| 19 | 57| 10| 18 | 71| 76
10 56 | 31| 38| 33] 49| 22| 25| 24 | 55| 53| 21| 19| 58 | 20| 18 | 72| 79
T 54 | 29| 36 | 30 | 50 | 21| 25| 22 | 54 | 50 | 20 | 18 | 56 | 19 | 18 | 70| 73
12 55| 30 | 37 | 32 | 49| 22| 25| 23| 55 | 52 | 21 | 19 | 57 | 19| 18 | 71| 77
13 55| 30 | 37 | 32| 49| 22 | 25| 23 | 54 | 52 | 21| 10 | 57 | 19 | 18 | 71| 76
14 55| 30| 37 | 32| 49| 22 | 25| 23 | 54 | 52 | 21| 10 | 57 | 10| 18 | 71| 76
15 55| 30| 37 | 32| 49| 22| 25| 23 | 54 | 52 | 21| 19 | 57 | 10| 18 | 71| 76
16 55| 30| 37 | 32| 49| 22| 25| 23 | 54| 52 | 21| 19 | 57 | 19| 18 | 71| 74
17 55| 30| 37 | 32 49| 22| 25| 23 | 54| 52 | 20| 18 | 55| 17 | 16 | 65| 65
18 55| 30| 37 | 32| 49| 22| 25| 15 | 38| 44 | 12| 12| 40| 10| 10 | 39 | 33
19 55| 30| 15| 17 | 22 | 13| 18| 7 | 17| 17| 7 | 7 |22] 7 | 7 | 22| 13

Table4.18Converging dwell times for a planned headway of 8 minu8&gh percentile
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Outward trip
RUN STATON | v 1 5 | 3| 4|5 |6 | 7|8|9|10|11]12|13]|14]|15]16]17
1 51| 50| 16| 15| 35| 16 | 24| 44 | 59| 35| 10| 39| 19 | 63 | 37 | 34 | 58
2 51| 50| 16 | 15| 35| 16 | 24 | 44 | 59| 35| 10| 39 | 19 | 63 | 37 | 34 | 58
3 51| 50| 16 | 15| 35| 16 | 24 | 44 | 59| 35 | 10| 39 | 19 | 63 | 37 | 34 | 58
Z 51| 50 | 16 | 15| 35| 16| 24| 44 | 59 | 35 | 10 | 39 | 19 | 63 | 37 | 34 | 58
5 51| 50| 16 | 15| 35| 16 | 24 | 44 | 59 | 35 | 10 | 39 | 19 | 63 | 37 | 34 | 58
6 51| 50| 16 | 15| 35| 16 | 24 | 44 | 59| 35 | 10| 39 | 19 | 63 | 37 | 34 | 58
7 51| 50| 16 | 15| 35| 16 | 24 | 44 | 59| 35 | 10| 39 | 19 | 63 | 37 | 34 | 58
8 51| 50| 16 | 15| 35| 16 | 24 | 44 | 59| 35| 10| 39| 19 | 63 | 37 | 34 | 58
9 51| 50 16 | 15| 35| 16 | 24 | 44 | 59| 35| 10| 39| 19 | 63 | 37 | 34 | 58
10 51| 50| 16 | 15| 35| 16| 24| 44 | 59 | 35 | 10 | 39 | 19 | 63 | 37 | 34 | 58
11 51| 50| 16 | 15| 35| 16 | 24 | 44 | 59 | 35 | 10 | 39 | 19 | 63 | 37 | 34 | 58
12 51| 50| 16 | 15| 35| 16 | 24 | 44 | 59| 35 | 10| 39 | 19 | 63 | 37 | 34 | 58
13 51| 50| 16| 15| 35| 16| 24| 44 | 59 | 35| 10 | 39 | 19 | 63 | 37 | 34 | 58
14 51| 50| 16| 15| 35| 16 | 24| 44 | 59| 35| 10| 39| 19| 63 | 37 | 34 | 58
15 51| 50 16 | 15| 35| 16 | 24| 44 | 59| 35| 10| 39| 19 | 63 | 37 | 34 | 58
16 51| 51| 11| 10] 26| 11| 24| 44 | 59| 28 | 10| 37| 19| 61 | 37 | 34 | 58
17 51| 41| 15| 12| 46| 13 | 37 | 50 | 55 | 42 | 10| 32| 18 | 58 | 37 | 34 | 57
18 51| 38| 36| 16 | 42| 19| 40| 69 | 55| 44| 8 | 33| 18 | 52 | 25 | 32| 55
19 30 | 33| 29 | 44 | 50 | 23| 43| 70 | 70 | 47 | 12 | 41| 26 | 81| 32 | 41 | 58
20 39 | 34| 11 | 50| 43| 22 | 43 | 67 | 63| 49| 12| 39| 26 | 61 | 19 | 27 | 36
21 39 | 34| 11 | 40| 39| 22 | 46| 75 | 70| 52 | 12| 36 | 26 | 79 | 19 | 27 | 36
22 39 | 34| 11| 18| 51| 17 | 51| 46 | 31| 28| 9 | 16| 22| 36 | 12 | 22| 23
23 39| 32| 10| 8 | 31| 8 | 24|32 12| 21] 9 | 9 | 22| 16| 12] 22| 23
Return trip
RUN STATON | 4 | 5 | 3| a|s |6 |7 |8|o|w0]11]|12]|13|14]|15]16]17
1 51| 36| 51| 55| 28| 17 | 21| 19| 49| 40 | 30 | 30 | 30 | 24 | 23 | 41| 70
2 51| 36| 51| 55] 28| 17 | 21| 19 | 49| 40 | 30| 30 | 30 | 24 | 23 | 41| 70
3 65| 35| 38 | 59 | 37 | 23| 26 | 21| 40 | 33 | 24 | 24 | 52 | 21| 20 | 59 | 65
2 65| 35| 27 | 39 | 39 | 22| 23| 19| 53 | 50 | 20 | 20 | 55 | 21| 20 | 62 | 77
5 65| 35| 27 | 39| 49| 23 | 26 | 28 | 57 | 62 | 25| 23| 56 | 22 | 20 | 80 | 94
6 65| 35| 27 | 39 | 49| 23| 26| 27 | 56 | 61 | 24 | 22 | 55 | 21| 19| 77| 90
7 65| 35| 27 | 39| 49| 23 | 26 | 27 | 56 | 61| 24 | 22 | 55| 21 | 20 | 78 | 90
8 65| 35| 27 | 39| 49| 23 | 26 | 27 | 56 | 61| 24 | 22 | 55| 21| 20| 78 | 90
9 65| 35| 27 | 39| 49| 23| 26| 27 | 56 | 61| 24 | 22 | 55| 21| 20| 78 | 90
10 65| 35| 27 | 39| 49| 23 | 26 | 27 | 56 | 61| 24 | 22 | 55| 21| 20| 78 | 90
1 65| 35| 27 | 39 | 49 | 23| 26 | 27 | 56 | 61 | 24 | 22 | 55 | 21| 20 | 78 | 90
12 65| 35| 27 | 39 | 49| 23| 26 | 27 | 56 | 61 | 24 | 22 | 55 | 21| 20 | 78 | 90
13 65| 35| 27 | 39| 49| 23 | 26 | 27 | 56 | 61 | 24 | 22 | 55 | 21 | 20 | 78 | 90
14 65| 35| 27 | 39| 49| 23 | 26 | 27 | 56 | 61 | 24 | 22 | 55 | 21 | 20 | 78 | 90
15 65| 35| 27 | 39| 49| 23 | 26 | 27 | 56 | 61 | 24 | 22 | 55 | 21| 20 | 78 | 90
16 65| 35| 27 | 39| 49| 23 | 26 | 27 | 56 | 61| 24 | 22 | 55| 21| 20| 78 | 88
17 65| 35| 27 | 39| 49| 23 | 26 | 27 | 56 | 61| 24 | 22 | 52 | 19| 17| 70| 76
18 65| 35| 27 | 39| 49| 23 | 26| 15 | 36 | 51 | 13| 13 | 35 | 11 | 11 | 40| 39
19 65| 35| 18 | 20| 26 | 15| 15| 8 | 20| 20| 8 | 8 | 26| 8 | 8 | 26 | 16

Table4.19Converging dwell times for a planned headway of 8 minug&gh percentile
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Figure4.26Fluctudion band of actual headway5th percentile

Results show than inaccurate estimation of dwell times generates an unstable
timetable and produces degradation in service performance, at the expense of
users. Indeed, the fact that headways vary so pronountedyeen low and

high valuesimplies that some trains ewery close, while others are very far
apart (with an increase in both the mean and variance of passenger waiting
timeg, as well aghe presence of overcrowded trains followed by empty ones
(i.e. platooning phenomenon).

In conclusion, the application #oreal metro context has confirmed the ability
of the proposed methodology of capturing the snowball eféectvell as its
effectiveness in providing an accurate estimation of dwell tisfunction of

the involved flowsso as to properly suppgdhe tmetabledesign phase.
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4.4.1A comparison between FIFO and RIFO queuing rules

The application described in this paragrafdcuses on the simulation of
passenger behaviour on platforwhen a train arrivesn a metrocontext i.e.
Line 1 of the Naples metro systeihe significance of this task lies in the fact
that, either for planning a service far mitigating negative impactdue to
perturbed conditions, it is necessary dorrectly mode| beforehand user

reactions to alternative projectsreschedulingtrategies.

Specifically, in the following two different boarding priont patternsare
analysed and compared, namelye traditional FIFO approaclii.e. a
passenger may board a train only afterpasengers arriving before him/her
have boarded the train) and the RIFO behaviour (i.e. passengers waiting on the
platform tend to move around by mixing with respect to their arrival order, thus
altering the initial queuing patternJhe two queuing ruleabovehave been
analysedwith respecto different travel demand levelghich wereobtained by
multiplying uniformly the average workirday demand by 15 values between
0.2 (i.e. 20%) and 3.0 (i.e. 300%). Obviously, in the case of a multiplier equal
to 10 (i.e. 100%), theanalyseddemand levelcoincides withthe average
working-day demand.

In particular,in this specific applicationthe KPlIs (Key Performance Indexes
set out below have been deriyéar both behavioural approachdsy adopting

the methodlogical framework proposed in paragregB.3

Total OnBoard Time(TOBT) represents the total time spent on the train by

passengers during their trip. It mayfoemulatedas:

TOBT=3 § th &y 4.9

whereth' is the averagen-boardtime spent duringunr on link| and b’ is

the number of passengers who trawel the rail convoy associated to muon
link 1.
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Likewise, Total Waiting Time(TWT) represents thdotal time spent by
passengers on the platform waiting for a train. It may be formulated as:

TWT=3 & a m;,ow,, (4.10
s p r

wheretw[ ; is the average waitingme at stations, on platformp between run

(ri1) and runr and fw;, is the number of passengeraiting at statiors, on

platformp for runr.
Moreover, two objective functions have been calculated @QFL and OF2),
which represent, respectively, the total time spent by passengérs ametro

system and the total cost supported by passengers and the mass transit agency.

In particular, they can be formulated accaglio the following expressions.
OF1= p,,JOBT+ b, GWT (4.12)

where b, (assumed equal to 2.5 a parameter which describes user

perception of the time spent waiting for trains with respect to the perception of

the time spent on boardxpressed by, (assumed as unitgry

OF2=UTC+NOC (4.12
with:

UTC= B, §b,, GOBT+ b, GWT)+TTC (4.13
NOC=TOC- RT (4.14

where UTC is the user total costOC is the net operationatost; 4, is a

parameterwhich expresses the monetary value of tilassumed equal to

5 U MTC)is the total ticket cost, that is the total expenditure incurred by
passengers for the purchase of tick&Cis the total operational cost, that is
the total expenditure incurred by the massisit agency for metroperations;
TRis ticket revenue.
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Equation .14 coincides with equatior(3.85 and, therefore, th€OC can be
calculated as shown bg.Q) or, alternatively, by3.86. More in detail, since
the proposed application is focused on Line 1 of the Naples
metro system, whose standard cost is provided in terms of traction unit
(i.e. 18.17 a traction unitkm), the formulationhere adoptedis that given by
equation 8.6). Moreover, t is worth pointing out that, since teriilfC is

always equal to teriiR, in the definition ofOF2 they cancel each other out

and therefore, their calculation can be neglected.

Numerical results are showntables4.20and4.21, andfigures4.27- 4.32

Travel Assigned | Unsatisfied Total th_al Objec;ive Objec‘_[ive
demand travel travel On-Board | Waiting | Function | Function
multiplier demand demand Time Time no. 1 no. 2
[pax/day] | [pax/day] [h/day] [h/day] [h/day] [u/ d
0.2 42,411 T 9,205 3,006 16,719 228,817
0.4 84,823 | 18,410 6,012 33,439 312,413
0.6 127,234 | 27,615 9,017 50,158 396,010
0.8 169,645 | 36,820 12,023 66,877 479,607
1.0 212,056 | 46,025 15,055 83,661 563,526
1.2 253,898 569 55,130 26,249 | 120,751 | 748,975
1.4 291,860 5,018 63,580 90,230 | 289,156 | 1,590,999
1.6 319,785 19,505 69,916 160,021| 469,968 | 2,495,058
1.8 347,807 33,894 75,874 | 249,388| 699,344 | 3,641,942
2.0 372,765 51,347 81,138 | 393,097| 1,063,880 5,464,620
2.2 386,184 80,339 84,070 | 476,644| 1,275,680 6,523,618
2.4 397,988 110,947 86,290 | 550,163| 1,461,697 7,453,704
2.6 407,364 143,982 87,848 | 601,872| 1,592,528 8,107,858
2.8 417,561 176,197 89,118 | 721,169| 1,892,040| 9,605,418
3.0 427,658 208,511 90,217 | 817,240| 2,133,319| 10,811,81

Table4.20Simulation results in the case of the FIFO approach
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Travel Assigned | Unsatisfied Total th_al ObjecFive Objecjtive
demand travel travel On-Board Waiting | Function | Function
multiplier demand demand Time Time no. 1 no. 2

[pax/day] | [pax/day] [h/day] [h/day] [h/day] [u/d

0.2 42,411 i 9,205 3,006 16,719 228,817
0.4 84,823 i 18,410 6,012 33,439 312,413
0.6 127,234 i 27,615 9,017 50,158 396,010
0.8 169,645 i 36,820 12,023 66,877 479,607
1.0 212,056 i 46,025 15,055 83,661 563,526
1.2 253,898 569 55,130 26,111 | 120,408 | 747,260
14 291,860 5,018 63,580 85,311 | 276,859 | 1,529,515
1.6 319,999 19,291 69,911 | 141,934| 424,747 | 2,268,954
1.8 347,874 33,828 75,873 | 225,084| 638,584 | 3,338,141
2.0 372,883 51,230 81,100 | 352,270| 961,774 | 4,954,089
2.2 386,325 80,198 84,009 | 412,265| 1,114,671| 5,718,575
2.4 397,631 111,304 86,173 | 464,205| 1,246,686| 6,378,651
2.6 407,162 144,184 87,739 | 507,172| 1,355,669 6,923,563
2.8 416,054 177,704 88,898 | 573,993| 1,523,882 7,764,630
3.0 423,831 212,337 89,862 | 619,329| 1,638,185 8,336,145

Table4.21Simulation results in the case of the RIFO approach
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Figure4.27 Assigned travel demand
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Unsatisfied Travel Demand
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Figure4.28Unsatisfied travel demand
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Figure4.29Total OnBoard Time (TOBT)
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Total Waiting Time
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Figure4.30Total Waiting Time (TWT)
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Objective Function no. 2
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In figure 4.27, the grey line represents the increase in travel demand according
to the value of multipliers. As can be seen, in the case of multipliers lower than
100% (which represents the current demand), all passengers are able to board a
train, or, in other words, all demand is assigned, and the two approaches
provide the same resulté&/hile, for higher multipliers, the amount of agsed

travel demand decreasébut there is no discontinuitysince the increase in
passengers tends to fill the trains with a residual capadltg\silable. Also in

this caseéhe two approaches provide similar results.

In figure 4.28the unassigned demand depictedand the grey line represents

the increase in passengers with respect to the current condition. For values
lower than 100%, it is null because there is nplsis in demand. Indeed, both
approaches assign all passengers and provide the same results. By contrast, in
the case of values higher than 100%, passengers tend to fill convoys which are
not perfectly full (i.e. norsaturated trains) and, thus, valuegitemdevelop an
asymptotic behaviour with respect to the grey line where the slant asymptote is

shifted as a function of the resalicapacity in the case of 100%.
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In figures4.29and4.3Q the grey line represents the increasspectivelyin
TOBT and TWT, under the assumption of absence of capacity constraints

which implies thatll passengers are able to board the first arritrizig.

In particular, regarding theTOTB the two approaches have a performance
similar to the assigned travelemand since running times of convoys are
assumed as constairideed n this application the dependence of dwell times
on the number of boarding/alighting users, addressed in parag/@@hhas

been neglected.

On the other handthe TWT is affectedby the introduction of capacity
constraints since they enable passeng@ysboard thefirst arriving train and
forcethemto wait for successive convoy#loreover, the adoption of different
queuing ruleshas an impact on waiting times, as can be seen by the gap
between the red and ldlines in figure4.30 Therefore, it can be stated that
the increase in travel demaptbvides considerable increases in waiting times,

which are further affected lifie adopted behavioural pattern.

Finally, figures4.31 and 4.32 show valuesof the two computedobjective
functiors andthe grey lines represent the objective function being calculated in
the absence of capagitonstraints.In particubr, the performance othese
functions is similar tdhat of the total waiting timegboth in terms of increases
and in terms of difference between the two approadiese theTWTterm is

thepredominantate with respect tthe others.

In conclusion, it can é stated that waiting time is the parameter mostly
affected by theadoptedqueuing rule and that the greater the congestion,level
the greater the difference in results between the two approathwesyver, it is

worth pointing out that the analysed queuinges represent two extreme
conditions, while, in real cases, generally, some passengers follow a FIFO
approach and some others a RIFO approach. In particular, the distribution of
passengers who adopt the FIFO rule with respect to those adopting the RIFO

rule could be derived by means of turnstile data.
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4.5 Travel demand estimation applications

The following applications are based on the methodological frameworks for
handling travel demand flows described in paragrapis4.1 and 3.3.4.2
which have been applied, respectively, in the cagbedfine 1 metro system

and the NapleSorrento regional line.

It is worth noting that,n the first case (i.e. metro systertf)e issueof travel
demand estimation has been addressed at an urbanoleyke other handor

the regional contexthe scale of the problemcreasessince extraurban(i.e.
rural) trips have to be modelledloreover,the approach proposed in thiest
application is able to support shdaerm inerventions (e.g. fare policies);
differently, the procedure adopted in the second application is aimed at
properly supportingeconomic evaluatiors on the feasibility of longterm

projects

Specifically, passengeflows extended with the approacproposed in
paragrapltB.3.4.1have beenusedfor improving the preliminary estimation of
travel demand related to tlamalysedmetro system(figure 4.9); while, travel
demand obtained in the casé the NaplesSorrento line, for the current
scenario (i.e. referred tohe year 2016), has beenimplementedin the
applicationaddressinghe evaluation of unconventional reschedubtrgtegies

under perturbed conditions (see paragréahl).

4.5.1 Calibration and validation of spacetime relations representative of
passenger flow data

The following application consists in identifying some mathgoal relations,
expressing boarding and alighting flows of passengers depending on the station
(space component) and the time period considered (time component), properly
calibrated for reprducing,analytically the spacdime variability of passager

flows in a metro contex®he goal ig0 enable a decrease in the amount of data

to be collected during the survey phaséi@h, clearly, implies reductions in

related times and costs), without prejudicing analysis accuracy.
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The adopted procedure is based on the phases described in paB8régdh
which are synthetically set out bel@again,for the sake of simplicity:

designng andexecutinga survey campaign;

1 simulatinga certain sampling rate, obtained by assuming someadata
not detected

1 performing a monedimensional statistical analysis on the partial data
setfor identifying the optimal functional form;

1 performng a multidimensional statistical analysis on the partial set in
order to specify, calibrate and validate one or more siiaee
functions;

1 validatingthe methodology by comparing simulatioesults obtained
by using the whole set of the sureeldata (considered asethbsolute
truth) with those produced by processinglata of the calibrated
spacetime surfaces

The required survey activities were implemented in July 2015 to collect data
related to daily flows on an average working day in summer. It is worth
pointing out that investigations were organised to detect flows for each single
access (gate, stair, elevator, etafich were subsequently grouped according
to platforms and travel direction¥his implies the necessity of detecting data
for all the accesses teach platform; otherwisdhe distribution of the entire
platform getsvitiated. Specifically, 3 time periods and 18 statioimve been
consideregtherefore the output of the survey phase consists in foatrices

of dimensions(3x18), whose frameworksithat shown in figure 3.7. The

simulated sampling raie assumed equal to 50%.

Then the monedimensionaktatistical analysis has been performed as follows.
Each one of the four surveyed matricés two kinds of passenger flow.e.
boarding and alightig flows, and two kinds of tripi.e. outgoing and return
trips) has been split into 54 (i.e. 38) vectas and, consequentlyhe goodness

of fit (i.e. the discrepancy between surveyed dathfanction datapffered by

different classes of functionsvith respect toeach vectgrhas been tested.
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Specifically, linear, quadratic, cubic, fowtlegree polynonail,
fifth-degree polynomial, power, logarithmic and exponential functivase
beenevaluated. However, due to the scarcity of data along the matrix columns
(i.e. there were at most two data), linear functions were adopted only in row

analysesThe goodnss of fit of each class of function was estimated by means

of the coefficient of determinatioA?, calculated as shown in equati@sg).

The caegory which provided the bedt’ values, in both dimensions, whsat
of polynomial functions and, therefore, such a formulation has been
implemented in the nexdtep (i.e. multidimensional statistical analysidn

particulatr the obtained relations are:
f(xy)=ay® +aix y* +asx y* +ajy* +afy? (4.15
fX(x,y)=blx* +bix’y +bix?y? +bix y* +bly* +bx® +bix’y +

+byx y? +byy® +bx® +bix y +by® +bix +bly +by  (4.16
with
ki {AG;BG;AP; BP}

wherex represents the time perioglyepresents the sequence of statigrns {

in the case of Piscinola anyd= 18 in the case of Garibaldi§G represents
alighting flows @) in the case of the outgoing trip (i.e. Garibaldi directi@®@®;
represents boarding flow8) in the case of the outgoing trip (i.e. Garibaldi
direction); AP represents alighting flows\] in the case of the return trip (i.e.
Piscinola direction)BP represents boarding flow8)in the case of the return
trip (i.e. Rscinola direction)Attention is drawn to the fact that equati@nl5

is defined in the case &fi {AG; AP ; BP}, while equation(4.16) is defined
only in the case df = BG. Hence valuesf; arecomputed by means efjuation

(4.15 orequation(4.16) on the basis ahe values assumed by paramdter

Oncetime-space relationfiave been specifieda polynomial regression has

been carried out for defininidpe numerical values athe involved parameters
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(.,e. & and by) and both global and cfieient statistical tests have been

derived.

The implemented global statical testsare A%, shown in equation3(598),

E, shown in equation3(60), and F-test (indicated ad- ), formulated as

follows:

=i p- 1o A @

wherep expresses the number of function parameters, which is equal to 5 in
the case of function4(15 and equal to 15 in the case of functighl@.

Moreover, thd-student (indicated a¥test of coefficientss performed:

t :‘aik‘/w/Variai") or t :‘qk‘/,/Var‘q" ) (4.18

where Var(a“), or equivalentlyVar(b*), is thei-th element of the main

diagonal of varianceovariance matrixS, obtained as:

s=-[ee/apa)" or s=-[ee/fn i)’ (4.19
with
e:a(fi-ji)z (4-2(:)

where/ ; is thei-th simulated survesddata.

F-test
. A2 R 2 "
Function type (k) A A Evalue | Threshold Corrg\(ljeelnce
AG 0.764 | 0.701 | 12.273 8.018 99.90%
BG 0.829 | 0.572 3.220 3.190 94.00%
AP 0.621 | 0.521 6.218 5.967 99.50%
BP 0.514 | 0.386 | 4.023 4.016 97.00%

Table4.22Global statistical tests
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Parameter a a; a; al al
Value 0.0624 | 0.0184 | 70.5150 | 70.0272 | 0.7285
t-value 489.62 | 588.89 | 706.461 | 398.376 | 588.973

Threshold 5.077 5.077 5.077 5.077 5.077

Confidence level| 99.99% | 99.99% | 99.99% | 99.99% | 99.99%

Table4.23Coefficient statistical tests of coefficiensG condition

Parameter by b b b bk
Value 136.82 | 171.15 3.82 1.05 0.16
t-value 2.38100° | 908.94| 367.44| 2.8923C° | 1.84510°
Threshold 6.412 6.412 6.412 6.412 6.412
Confidence level| 99.99% | 99.99% | 99.99% | 99.99% | 99.99%
Parameter b by b; b; b/,
Value 7557.32 | 362.08 | 148.62 | 18.59 129.16
t-value 7285.76] 958.53| 1220.60| 5718.63| 3016.26
Threshold 6.412 6.412 6.412 6.412 6.412
Confidence level| 99.99% | 99.99% | 99.99% | 99.99% | 99.99%
Parameter b’ b/, b/, b/, b/,
Value 7201.01 | 172.87 | 380.50 | 1970.94 | 2035.15
t-value 342.91| 3513.05| 465.52| 1.0402C | 1.06320°
Threshold 6.412 6.412 6.412 6.412 6.412
Confidence level| 99.99% | 99.99% | 99.99% | 99.99% | 99.99%

Table4.24 Coefficient statistical tests of coefficien®G condition

k

k

k

k

k

Parameter a a, a, a, a;
Value 10.0552 | 0.0096 | 0.0677 | 10.0585 | 0.7942
t-value 375.497| 184.120| 69.562| 525.132| 468.483
Threshold 5.077 5.077 5.077 5.077 5.077
Confidence level | 99.99% | 99.99% | 99.99% | 99.99% | 99.99%

Table4.25Coefficient statistical tests of coefficientsP condition

Parameter a/ a; aj al al
Value 10.0400 | 710.0006 | 0.1864 | 710.0142 | 0.1726
t-value 332.221 | 14.512 | 234.541 | 165.639 | 124.745
Threshold 5.077 5.077 5.077 5.077 5.077
Confidence level | 99.99% | 99.99% | 99.99% | 99.99% | 99.99%

Table4.26 Coefficient statistical tests of coefficienBP condition

Table 4.22 provides results of the global statistical tests; while, tables

4.23- 4.26show results of the statistical tests of coefficients.

The last phaseaimed at validatingthe effectiveness of the proposed

methodology consists in comparing simulation results obtained by using the
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whole set of the survey data (considered as tlabdsolute truth with those
usingthe data of calibrated spag¢gne surfaces, properly put togethwith the

data of calibration subsets. Specifically, within this framework, three different
data sets may be obtained: only the calibration subset, the calibration subset
extended by replacing missing data with function data and only function data
for all values.Therefore, it is posisle to implement an aggregagstimation of
travel demand, according to the four data sets identifrecparticular the
prior-known informationused in the aggregagstimationis represented bihe
travel demand depictad figure4.9and implemated in applicationselated to
theLine 1 metro systenit is worth noting that, sincthe original information
concernghe wirter averge working day, by meanof theupdatingprocedure,
travel demand becomes representative of the summer plrithds way, four
different OD matrices can be derived and assigned to the netwWhek.test
framework in relation to whicbbjective function alueshave been calculated,

for each one of the four analysddta sets, is repsented by the rescheduling
as®ssnent provided in paragraph2, which considers20 different recoery
strategies Hence, it is possibldéo compareassignment results (i.euser
generalised cost for each intervention action) iobth by implementing on

one handgtravel demand adjusted with the whole set and, on the, dtheel
demand adjusted with the other three data sets, in orderltagvavhich one

of them producean outcomeloserto that of the reference scenario.

The ouput of the analysis iseported in tablel.27 and showshatthe data set
which provideghe smallest deviatignvith respect to theesults obtained with
the whole setis the one thaintegratesurveyed data with data from analytical
relations. In particular, in this specific context, tlkerived spacetime
functionsallow a 50% reduction irhe amount of data to equired with an

accuracy reduction of less thé% (see red valuaitable4.27).

Clearly, this shows a trendhevertheless strictly speaking, a sensitivity
analysis of the provided output with respecthe initial samplingrate (here
setequal to 100%), as well as further applications to different metro contexts,
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are requiredHowever, the preliminary outome is promising and confirms the
possibility, by means of suitable analyticalations, of cutting the budgt be
allocaed for the survey phase aimestigatingalso networks in whichhe
achievement of a reasonable sampling rate would result uneconomic, due to

their complexity.

Intervention Partial Replaced Function
strategy surveyed set| missing data data

0 9.73% 9.96% 26.97%

1 9.51% 0.84% 6.63%

2 9.51% 0.84% 6.63%

3 9.55% 0.97% 6.54%

4 9.49% 0.83% 6.62%

5 9.49% 0.83% 6.62%

6 9.56% 0.99% 6.56%

7 10.40% 0.04% 5.82%

8 9.52% 0.87% 6.63%

9 9.51% 0.99% 6.68%

10 9.55% 0.96% 6.54%
11 9.54% 10.21% 27.08%
12 9.54% 10.21% 27.08%
13 9.58% 10.12% 27.03%

14 9.53% 10.23% 27.09%
15 9.53% 10.23% 27.09%

16 9.60% 10.12% 27.03%

17 9.53% 10.18% 27.05%

18 9.55% 10.16% 27.04%

19 9.55% 10.18% 27.06%

20 9.59% 10.12% 27.03%
Average 9.59% 17.28%
Median 10.40% 10.23% 27.09%
Minimum 9.49% 0.04% 5.82%
Maximum 9.54% 9.96% 26.97%

Table4.27 Objective function accuracy for each different calibration set

4.5.2 A costbenefit analysis relative to the implementation of an
innovative signalling systemn a regional context

Given the passengeriented perspective adopted in the presemterk, in this
section,some improvingneasuresimed at reducing user generalised costs are

evaluatedvithin a costbenefit framework.
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Obviously, each specific rate of passenger generalised costs is affected by
certainfeaturesof rail systens: location of stops and stations affects access and
egress times; the headway between two successive convoysedallpmthe
travel speed anthe adoptedignalling system, affestwaiting times; rolling
stock performance and infrastructuiearacteristicaffect travel times; layout

of stations, platforms and rolling stock affects transfer times; pricing policies
affect ticket costs.In particular, it is possible tadentify the following
intervention cagories:infrastructuralprojects fleet improvemers signalling
system modificatiog) fare policies. Clearlyfinancing infrastructural measwwe
requirea considerablemount of resourceas well as the availability of large
areaso be exploitedTherefore, such interventions freantly are not feasible,
egecially in high-density contextspevertheless, in certain casdéisey could
become imperative. Sitarly, fleet modificatims and new fare policies imply
the need of additional national or regional subsidies, rarely available in the
current economic contibns. The proposed application, instead, is focused on
the implementation of an innovative signadjisystem on thdlaplesSorrento

regional line.

Signalling systems are based on two paradigms: the spacing between two
successive convoys and the train integrity supervision. The first one consists in
imposing a minimum distance between two successivestrsd that, in the
case of the first train slowing or stopping, the following one is able to react
safely; while the second requirement consists in verifying the completeness of
a train while it is operatinglhe choice of evaluating this kind of intertiem

is due to a twofold reason. Riss it allows to reducepassenger waiting times,
sinceit provides arnncrease in service frequenayoreover, such measures are
increasingly required in European countries, with the aim of meeting
requirements dictate by the system of standards for management and
interoperation of railways developed by tReropean Unioni.e. European

Rail Traffic Management SystlBRTMS. Specifically, the signalling, control

and train protection criteria are provided by thecstled European Train

Control System (ETCS)hich can be implemented accordinghoeedifferent
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levels the higher the implementation level, the higher the ne&wo
performance in terms of maximum speed and minimum heabetsyeen two

successive co nvoys.

Level 1 is a cab signalling system which can be integrated thvlexisting
signalling system, leaving fixed signals in plade. this case, mament
authorities, as well as route data, areansmittedto the convoy in a
discontinuous manner, i.e. wherirdivelsover the Eurobalise beacrindeed,
beside providing route data, Eurobalises are able to pick up signal aspects
from the trackside signals, by meanstiod so called Lineside Electronic Unit
(LEU), and transmit them to the vehicleevel 2 is a digital radibased
system. Indeed, fixed signals are completely remowedlfzere is a radio block
centerwhich continuouslyexchanges information with the train by means of
the GSMR technology. However, train detection and the train integrity
supervision still remain in place at the tracksitle.level 3, instead, also
trackside equipmerttisappeas; hence the train integritysupervision is handed

to onboard devices. Moreover, in this case, trgiacng is no more based on a
physical space (i.e. block sggms), butit is dictated by the current operational
conditions (i.e. moving block). More in detatheradio block ceteris able to
detect, continuouslythe distance between two successive convoys, by
verifying that it is at least equal to the braking distance. In this way it is
possible to maximise the degree of capacity infrastructure utilisation and,
therefore, redtvery low headwas; with an increase in service qualittrictly
speaking, also thETCS level 0 has been defined. It indicates the condition in
which, although rolling stock is equipped with ETCS, the infrastructure does

not comply with Europeastandads.

In terms of real applications, only Level 2 has been applied in actual rajlways
sincethe issue obn-board train integrity verification is still under research and
developmentindeed, the signalling system analysed in this application can be
definedas an ETCS level 3 in whiclspecifically,the orboardtrain integriy
supervision is maaged by a gallite technology. However, no technical details
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concerning this system will be providednee the goal is to investigates
effects on rail service performance and, therefore,erm$ of passenger
satisfaction.A signalling system which allows a lower spacing between two
successive convoys, generally, can provide two main benafieduction in
headways, which implieoWwer user waiting times, amah increase in travel
speed which implies lower user travel times. However, given the infrastructure
layout of the analysed regionahe, characterised by stations at a vetgse
distance(i.e. about 1.2 km)this second befie essentiallyfails. Thereforein

the specific investigated contexthe main contribution fothe signalling
improvement regards the decrease in waiting time which, for travellers,
representdhe most onerous ratemongtimes and costs to be incurred fo

making a trip.

More in detai] the proposed methodology aims to evaluatenecuc and
environmental effectselated to a replacinmterventionof signalling system,

by performing a cogbenefit analysis based on a feasibility threshold approach.
In this context, a key factor to be consideredepresented by the involved
passengeflows, in current and future conditions. For this purpose, as already
stated, travel demand has to be elastic at least at the level of modal choice (in
the case ofransportation system modifications) and trip generation (in the case
of demographic changes). In order to satisfy the above mentioned
requiremerd, the procedure described in paragrépB.4.2can be applied
whose phases, todetr with theadopteditalian data sources, are synthetically

set out below again, for the sake of simplicity:

1 estimation ofsystematic tripsby means of data fromthe national
census;

1 estimdion of nonsystematic tripsby mens of data from mobility
observatories

1 evaluation oftravel demand variation among different time peribgs
means ohistorical data from the resident population;

1 development of a regional network modelfor transforming
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O-D matricesdefined in terms of municipalities int®-D matrices
defined in terms of rail stations;

update otthe initial OD matricesby means of turnstile counis order

to reproduce surveyed flows;

definition of travel demand in future scenarios by meaniisibrical
and/or forecasted data from the resident population (i.e. elasticity with
respect to trip generation);

specification, calibration and validation of a suitable modal choice
model for providing an elastic travel demand model with respect to
performance variations e analysetranspotation system

computation of théourly O-D matrices to be assigned to the network

calculation ofperformance indexes.

Scenario Description
1 Current infrastructure; current signalling system; curr
timetable.
Current infrastructure; current signalling system; curi
2 timetable for overlapping lines; maximising frequency

Naple$ Sorrento line.

Current infrastructure; current signalling systemaximising
3 frequency for NaplésSorrento line, considering it a priori
over other overlapping lines.

Current signding system; doubling ofMoreging Sorrento
4 section; current timetable for overlapping lines; maximig
frequency for NaplésSorrentdine.

Current signalling system; doubling ofMoreging Sorrento
5 section; maximising frequency for Napl&rrento line,
considering it a priority over other overlapping lines.

Doubling of MoreginéSorrento section; innovative signallir
system whichallows a 4 minute headway to be achie
6 between two successive rail convoys; maximising frequency
Naple§ Sorrento line, considering it a priority over oth
overlapping lines.

Doubling of MoreginéSorrento section; innovative signallir
system whib allows a 3 minute headway to be achie
7 between two successive rail convoys; maximising frequency
Naple$ Sorrento line, considering it a priority over oth
overlapping lines.

Doubling of MoreginéSorrento section; innovative signallir
system with allows a 2 minute headway to be achie
8 between two successive rail convoys; maximising frequency
Naple$ Sorrento line, considering it a priority over oth
overlapping lines.

Table4.28 Analysed scenarios
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Simulation scenarios compared within the co®nefit framework are
described in table4.28 In particular, along with the current conditions
(modelled in $enario 1), other seven optiooikincreasing complexity in terms
of technological and monetaryf@t are evaluated. Moreovesjnce the las
part of the line is charastised by a singrack layout, the fasbility of an
infrastructural interventignconsisting in the doubling of the &nbetween
Moregine and Sorrentds also investigated, so 48 maximisethe effects

provided by the new signalling system.

Therefore, by implem#ing the basicsimulation framework proposed in this
work (with the exception of théailure mode), the objective function provided

by equatior8.84can be computed for each analysed scenario.

The smulation outcome in terms of objective function values in the analysed
time period, detailed for minimum, average and maximum levels of

demographic variation, providedby tables4.29- 4.33

In particular, parameter§,s., byoc and b have been set equal to 1.

Scenario

Objective Function Value

Minimum

Average

Maximum

21,612,206

26,001,375

30,390,544

21,562,321

25,966,660

30,371,000

21,556,056

25,962,951

30,369,845

21,350,117

25,822,162

30,294,208

21,181,881

25,694,677

30,207,474

21,005,063

25,557,593

30,110,123

20,363,535

25,030,696

29,697,858

O INOO|D|WIN|F-

18,136,387

22,935,558

27,734,729

Table4.290bijective function valuek year 2016

Scenario

Objective Function Value

Minimum

Average

Maximum

20,902,096

25,470,409

30,150,743

20,857,177

25,438,469

30,132,151

20,851,346

25,434,976

30,131,060

20,659,078

25,301,345

30,057,672

20,499,187

25,178,209

29,972,295

20,330,619

25,045,435

29,876,295

19,716,293

24,533,087

29,468,742

O INOO|D|WIN|F-

17,574,679

22,488,373

27,524,045

Table4.300bjective function valuet year 2026
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Scenario

Obijective Function Value

Minimum

Average

Maximum

19,878,911

24,640,361

29,653,055

19,841,150

24,612,758

29,636,438

19,835,943

24,609,605

29,635,479

19,663,374

24,487,163

29,566,759

19,515,507

24,370,825

29,484,199

19,358,826

24,244,789

29,391,002

18,783,695

23,755,185

28,993,229

ON|O T |WIN|F-

16,765,324

21,789,297

27,086,785

Table4.31Objective function valuésyear 2036

Scenario

Objective Function Value

Minimum

Average

Maximum

18,535,015

23,484,308

28,845,225

18,506,654

23,462,747

28,831,814

18,502,268

23,460,065

28,831,068

18,355,572

23,353,207

28,769,925

18,223,498

23,246,337

28,691,938

18,082,430

23,129,687

28,603,290

17,558,779

22,671,758

28,221,393

QOIN|O|OB|WIN|F-

15,702,281

20,815,657

26,377,041

Table4.320bjective function valuésyear 2046

Scenario

Objective Function Value

Minimum

Average

Maximum

16,869,305

21,984,231

27,695,675

16,852,596

21,970,508

27,686,826

16,849,226

21,968,439

27,686,385

16,734,599

21,881,802

27,636,024

16,622,100

21,787,218

27,564,543

16,500,384

21,682,746

27,482,370

16,040,541

21,265,919

27,123,063

QOIN|O|OD|WIN|F-

14,384,679

19,552,276

25,367,067

Table4.330bjective function valuésyear 2056

Furthermore, variations in the objective function value with respect to the

norn-intervention scenario (i.e. Scenario 1) are shown in tab8s 4.38
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Objective Function Variation

Scenario Minimum Average Maximum
1 ; ; ;
2 -0.06% -0.14% -0.23%
3 -0.07% -0.16% -0.26%
4 -0.32% -0.74% -1.21%
5 -0.60% -1.26% -1.99%
6 -0.92% -1.81% -2.81%
7 -2.28% -3.93% -5.78%
8 -8.74% -12.20% -16.08%

Table4.34Objective function variation year 2016

Objective Function Variation

Scenario Minimum Average Maximum
1 ; ; ;
2 -0.06% -0.13% -0.21%
3 -0.07% -0.15% -0.24%
4 -0.31% -0.71% -1.16%
5 -0.59% -1.22% -1.93%
6 -0.91% -1.77% -2.73%
7 -2.26% -3.87% -5.67%
8 -8.71% -12.11% -15.92%

Table4.350bjective function variationi year 2026

Scenario

Objective Function Variation

Minimum Average Maximum
1 ; ; ;
2 -0.06% -0.12% -0.19%
3 -0.06% -0.13% -0.22%
4 -0.29% -0.67% -1.08%
5 -0.57% -1.16% -1.83%
6 -0.88% -1.70% -2.62%
7 -2.23% -3.78% -5.51%
8 -8.65% -11.96% -15.66%

Table4.360bjective function variationi year 2036

Scenario

Objective Function Variation

Minimum Average Maximum
1 ; ; ;
2 -0.05% -0.10% -0.15%
3 -0.05% -0.11% -0.18%
4 -0.26% -0.60% -0.97%
5 -0.53% -1.08% -1.68%
6 -0.84% -1.60% -2.44%
7 -2.16% -3.63% -5.27%
8 -8.56% -11.73% -15.28%

Table4.37Objective function variations year 2046
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. Objective Function Variation
Scenario — -
Minimum Average Maximum
1 ; ; ;
2 -0.03% -0.06% -0.10%
3 -0.03% -0.07% -0.12%
4 -0.22% -0.49% -0.80%
5 -0.47% -0.95% -1.47%
6 -0.77% -1.44% -2.19%
7 -2.07% -3.42% -4.91%
8 -8.41% -11.40% -14.73%

Table4.380bjective function variation year 2056

Numerical results lead to a common conclusion: the doubling of the line is
imperative in order to fully exploit the benefits provided by the innovative
signalling system. As already shown, generally, the main drawbacks of
infrastructure interventions ared necessity of findingnajorfundingand large
areas to utilise. In particular, by means of a parameter estimation on the basis
of line features(see Cascetta and Pagliara, 20lb)can be stated that the
doubling of the line has a costpproximagly, of 800, 0 0 0 ,. Bi@v@verl
resultsindicatethat such an investment could be recouped in only one year.
Indeed, tables show a differend®tween scenario 1 and scenario 8 of
about 3,000, 00 Qmpligs/ a arggain ofv happcokimelty
900,000,0000 / y eaavalue even higher timathe estimate cost for the

infrastructural intervention.

Objective Function

Variation [%] —Scenario 1 ==Scenario 2 ——Scenario 3 —Scenario 4|
-14.00% ~——Scenario 5 —Scenario 6 —Scenario 7 — Scenario 8

-12.00%

-10.00%

-8.00%

-6.00%

-4.00%

-2.00%

Year 2016 Year 2026 Year 2036 Year 2046 Year 2056

0.00%

Figure4.33Variation of objective function value in average conditions during the analy:
time period (201€056)
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Figure4.33depicts the trend of objective function walvariations, during the
testperiod, in the case of an average rate of demographic variation. dpte gr
confirms that, without the infrastructural upgrade, fully exploiting advantages

from the signalling system improvements would be unfeasible.

The effects of each analysed scenario terms of headway between two
successive trainareillustratedin figure 4.34 In particular, a can be seen, by
means of the timetable aptisation, the headway can mo#®m 29 to 12
minutes, with a reductioof more than 50%; while, by doubling the line, it is
possble to regain only abouZ minutes. However, this infrastructural
intervention is essential for reducing headways between two successive

convoys to as low as 2 minutes.

Intertempo [min.]
30

\29,09
25

\ Timetable

20 optimisation
\ / \ Doubling Innovative
15 intervention signalling

N 7
5 Nt Lo
"\‘\‘\.

]
3.00 2.00

T T T T T T T
Scenario 1Scenario 2 Scenario 3Scenario 4 Scenario 5Scenario 6 Scenario 7 Scenario §

Figure4.34 Simulation results in terms of headway for each scenario analysed

Scenario Conv_oys Additional
required convoys
1 10 0
2 19 9
3 20 10
4 40 30
5 49 39
6 56 46
7 74 64
8 110 100

Table4.39Number of convoys required
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To be able to guarantee such low headwatyee availability of a certain
number of convoyss required Clearly,the lower the headway, the higher the
number of trains to be operated (see tabB9. Therefore, in a codienefit
perspective, also resources for acquiring additional convoys have to be

considered.

Finally, strictly speaking, also installation anintenancecostsrelated tothe
new signalling sgtem would have to be taken into account. However, smce
the proposed applicatiotihe implemerdgd signalling system is charedtsed
from an operational perspectivather than as an assembly of picgl devices
with specific techological features, this aspect has been neglected.

In conclusion for any transportation systemhet evaluation of the
technological feasibility of alternative projectsvolving long realisation
times requires theimplementationof a costbenefit apprach wherethe
long-term estimation of travedemand is a major requiremeilterefore, the
proposed frameworlkcan represent an effective support tool for such an
analyss. In particular, the described method is based on the use of Italian data
sourcs and therefore, as research prospects, it would be approtwiapplyit

in other contextssuch ather Italian railways (in order to verify the reliability

of the adopted data sets in different network configurations) as well as other
nortltalian railways (in order to test the methodology in ttese of different

datasource).
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CHAPTER 5: CONCLUSION

5.1Resume of the main achievements

The presented work provides a decision support system for planning and
management phases of raperations in a passengatented perspective. The
devdoped methodology consists in aimulatioroptimisation integrated
approach and, therefore, suitable optimisation and simulation techniques have
been putin place to accurately modedil service, i§ interaction with travel
demand antherelated energy consumption issues.

Specifically a btlevel multirdimensional constraint optimisation problem is
implemented, where it is necessary to minimise an objective function which
expresses the user genesatl cost and, if properlgrhanced the tadeoff
between passengers satisfaction and ftrassit agencies costs.

A basic and an extended structure can be distinguished, instead, in the
proposed simlation framework. In particutaits backbone is provideby four
models (i.e. Service Simulation Model, Travel Demand Model, Supply Model,
and Failure Model) whose interactions allaweproduceboth in ordinary and
perturbed situations, the reciprocal influence between supply and demand
features, whichtypically characterises any kind of evaluation concerning
transport systems. This basic architecture is, then, improved by means of
specific methodological frameworks which alloov

{ takeinto account the stochastic nature of involved operational factors,
such as train performance and dejays

1 performa sensitivity analysis on the degree of reliability offered by the
solution obtainedy means of deterministic approach;

1 compute analytically, the operational times within the timetable (e.g.
inversion timesreserve times, layover times etc.) so as to be able to put
in place energy saving strategies by presentimg service quality

offered;
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1 model the snowball effect generated by the dynamic interaction
betveen rail service and passendlews so as tgperfam a reliable
estimation of dwell timesthus, adequatelysupporting the scheduling
phase with the aim of carrying oa stable and robust timetable;

1 simulatethe effectson rail service andisersatisfaction of different
passenger behavioural pattedwsing the boarding process

1 extend passenger counts by means of properly calibrated functions
which are able to capture the spdiree variations of travel demand,
thus permitting a reduction in surveyed ddllaw to be acquired
without prejudging the accuracy thfe providedresults

1 properly estimatéong-term travel demand for supporting ctretnefit
evaluations aimed at investigating the feasibility of design solutions on

rail systems

Each one of thesgpecific methodologiddrameworks hasheen tested in a real
network context in order to evaluate its effectiveness and suitability. In
particular, most of the proposed applicati@asicernednetro systems which,
generally, operate in overcrowded conditions ,athérefore, imfy even a
greater necessity of properly taking into account the above cited issues.
However, inorder to show the potentiaf the proposed methodology, a
rescheduling framework and forecasting techniques for -femg travel
demand estimation have beenpiemented in the case of a regional rail line.
Specifically, the differences between the analysed contexts, which have mostly
affected the application of the presented approach, are a different spatial
characterisation of travel demand and a differenetaile structurewhich

give 1ise to the necessity of a neequivalent modelling of passenger

behavioural choices.

Numerical results appear promigiand confirm the relevance k#consideng
dispatching and rescheduling tasks in a passesrganted persgctive as well
as the inadequacy of evaluating rail service as astbme system, without
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considering related energy consumption issues aamcks$ine variability of the

involved ur flows, in order to perforran accurate analysis.

The transfer of theroposed methodology from a research sphere to a practical
use has been conceivadconsisting in the generation of a dynamic database
which, once atdispatcher8 d i sppowides thenmwith a support tool for
managing rail operationboth inthe planning andhe management phase. The
latter includes both ordinary and disruption operating conditions. In particular,
the information content of such a database consists in the identification and
quantification, for each possible intervention strateggtated or not to a
specific failure event, of relevant impacts on each part of the analysed system.
The targets considered in this work are related to user generalised costs as well
as operational costs and energy consumption; howévisr understood tht
further contentscan bemade available by properly enrichirige simulation
architecture with suitablenodelling frameworks. In this way, dispatchers
might be fully conscious othe implications ofeach possible intervention and
have all information taeactproperly toany contingencywith response tinge
comparable with redaime rescheduling approachedqut without the
computational effort they require.

5.2Research prospects

The main aspect to be addresskd improving the entire methodology and

allowing an operational use of the described database, consists in the
development of proper feature learning techniques. The goal is to confer a
dynamic structure to such a tool, which enalilé¢o progressively upgrade its

information content on the basis@fents occurring during the service, so as to
minimisethe probability that specific conditions to be faced are not included

the database yetT hi s, jointly wi t h di spatchers
additional information provided by means of the sérigitanalysis which can

be performed for each obtained solution, could lead to an efficient management

of rail systems and, therefor® an effective valorisation of such a transport

mode with all related benefits.
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However,in order to increas¢he accuacy of the provided outcome,also
methodological frameworksproposed forextending the basic simulation

structure can be individually improved.

Firstly, within rescheduling applications,would be appropriate to test more
articulated metaheuristic techniquses asto verify if a greater complexity
actually implies an improvement in terms ledw goodperformedsolutions

are.

On the other hand, as regaganning tasg the simulatiorbasedframework
developed for estimating dwell times as flolwpendent factsrcould be
enhanced by introducing rail crowding modelsowing to replicate conditions

in which passengers could decide not to take the first arriving train, but wait for
the following one (hoping it will be less crowded), although this would mean
an increase in their waiting time, so as to make the simulation more realistic.
Additionally, in this way, an assessment of-remte passenger discomfort
could be performed, thus strengthegithe passengeriented nature of the
proposed approach. Dwell times can play a role also in the definition of
supplement time rates to be used for implementingdeieng strategiesand
therefore, the two methodological approaches could be combiredenergy
saving perspective. Further improvements consist in enabling the proposed
framework to compute the statistical distribution associatéti resulting

dwell times, rather than only their average values, as well as testing other
resolution procedes for solving the fixegboint problem generated hipe

interaction between rail service and travel demand.

Concerning the handling of passenger counts for the aggregate estimation of
O-D matrix, as already shown, atlls for several improvementhe aloption

of different spatial reference systems, the introductioadofitional predictors

and the implementation @onversion coefficients to be properly calibrated in
order to capture eventual correlasoexistingamongtravel demand patterns in
different time periods. Moreover, the promising results obtained by applying
this methodology to a real metro line need tdb#hervalidated by analysing
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more complex metro contexésd adopting different sampling rates. Thead
is to investigate how the layout of the considered, lase well asthe ratio
between the initial surveyed rate and the simulated baee affected the

quality of the provided outcome.

Finally, it is worthanalysingthe transferability of the proposéechnique for
long-term demand estimation by furthéesting its performance in other

contextsand in the casef different data sources.

In the light of the above, it is clear that the discussed topics are still open to
debate and psenta considerablepotential which is worth investigating in
greater depth in forthcoming works.
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