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Compound Impact on Private and Public Transport Network Performance

on Integration of New Forms of Mobility

by Muhammad Tabish BILAL

Continued evolutions in autonomous drive technologies and pandemic lead-

ing to a boom in micro-mobility usage make these new forms of mobility

an integral part of investigative research to assess their impacts on trans-

portation networks. This research thesis examines their impacts in terms of:

quantification of the penetration rate of AVs, the influence of physical charac-

teristics of the urban road network on macroscopic fundamental parameters

in heterogeneous traffic stream;ù, inequities in travel costs equilibrium, as-

sessment of PuT network vulnerability against random service disruptions

and importance of topography for accurate provision of micro-mobility ser-

vices. Some benefits for 25-35% inclusion of AVs include enhanced network

capacity, improvement in travel time, decrement in travel equilibrium costs.

Whereas, the integrated micro-mobility modes reduce the commuter’s disu-

tility and perceived journey times by 7.14% in case of disruptions. However,

the spill-over effects are to watch out for.
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Chapter 1

Introduction

This chapter is a thorough introduction to the research; defining the problem

statement, the relevance of the subject, and its scope together with the objec-

tives of this research topic. The approach adopted for attaining the answers

to the research question is briefly described followed by the structure of this

thesis report describing the contents of each chapter onwards.

1.1 Relevance of research topic

Emerging transportation technologies can expand the way of mobilizing com-

muters and commodities. Going through the innovations of the last century

in particular related to the transportation sector reveals that increased motor-

ized modes elevated mobility by order of enormity, supplying large perks, as

well as striking with greater costs on individual commuters and societies.

The last century is considered to be the era of automobile paramountcy with

the domination of automobiles in transportation systems and societies result-

ing in growing private car travel instigating a marring effect on the usage of

other slow but sustainable modes. Favoritism towards quicker and more ex-

pensive modes was given in contrast to those that were rather cost-effective,

adaptive, and healthy. All along the twenty-first century, trends became

more diverse for many developed countries like the Netherlands, France,

Germany, Sweden, China, etc. and more transportation diversity is likely to
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be witnessed. Smart adoption for mobility needs based on integrated infor-

mation models can result in more comfortable, cost-effective, socially inclu-

sive, healthy, and reliable travel. Nonetheless, estimating the future is replete

with ambivalence. The forecasts made decades ago related to current travel

relying on jet packs, flying cars, moving sidewalks, and common space travel

did not come to reality. That is not because of technological infeasibility but

due to the change in commuter priorities from fast, farther, and low-effort

travel to convenient, healthy, inclusive, and affordable commute.

However, recent technological advancements and transportation innova-

tions in the form of autonomous vehicles (AVs) compelled policymakers and

transport planners to re-evaluate their traditional methods of analyzing the

impacts of their usage on transportation networks. Furthermore, the pan-

demic gave rise to a boom in the usage of e-scooters, bicycles, and other forms

of micro-mobility. Their usage certainly affects the performance and ride de-

mand of public transport. The dire need of the time is to analyze whether

these micro-mobility modes are competing for traditional public transport or

are completing them. This opens up a paradigm of possibility to investigate

the compound impact of these new forms of mobility considering the prior-

ities of convenience, socially inclusive, equitable, and reliable less vulnera-

ble commute to unwanted halting circumstances in an overall transportation

network including both private and public transportation.

As far as the adoption of AVs is concerned, (Carrese et al., 2019) identified

that traffic lane usage policy is the most deciding factor among the user for

the adoption of AVs. Not only this but their adoption will further increase the

urban sprawl. This wave of relocation will consequently cast a positive im-

pact on the central road network of the city of Rome whereas suburban flows

will face a negative impact in terms of higher volumes and travel times. The

study further suggests that only a shared adoption scheme of AVs can re-

duce the travel time by up to 19% for the whole network. However, travel
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time costs, household costs, residential location, and land user costs are the

factors that were completely ignored in this study making them a great lim-

itation in terms of the quoted results. On the other hand, (Patella, Aletta,

and Mannini, 2019) performed a noise emission and traffic performance as-

sessment in presence of AVs on the urban mobility level of the city of Rome.

Full deployment of AVs improved travel time by reducing it by 33%, increas-

ing the average speed by 51% whereas increasing the total distance travel for

highways by 8% and decreasing it by 5% for intra-urban roads. moreover,

decreasing the noise levels immensely except for some network links where

the condition of noise emissions becomes worse due to increment in traffic

volume and speed. the results were promising yet ignored many important

parameters of population growth, spatial distribution, mode choice, house-

hold travel patterns and budgets. Whereas (Staricco et al., 2018) proposed

to utilise transportation quantitative models to analyse the circulation and

parking regulatory framework for AVs on the overall modal split of the ur-

ban networks. not only that but also visualise the implications on growth and

land use patterns through land use and transportation interaction models.

There are uncertainties associated with the large-scale inclusion and im-

pacts of AVs, yet the ambiguities remain there unless we try to cope with

them. We need root-level planning for the people by the inclusion of people

and their social dynamics. The approach taken in this study consists of more

than twenty social-demographic indicators representing the dynamics in so-

cial, demographic, urban, and commuter fabric. Limited to no research has

been done to quantify the presence of AVs which creates uncertainty when

we try to effectuate their effectiveness. Short as well as long-term changes

this technology is about to cast on society remain a question.

Often the research (encompassed in Chapter 2) in this particular domain
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of technology roams around complex systems, algorithms, models, and machine-

learning methods. Concluding outstanding results and enlighting the im-

pacts of AVs on the social fabric as well as traffic systems. Yet these include

a random percentage of AVs and TVs, the deficiency lies in the foundation

of these studies which here the authors tried to overcome. How could we

be so sure about our results if we are just assuming the number of vehicles

in absence of some solid evidence or methodology for the quantification?

The study tries to minimize the “risk of extent” by adopting classic, simpler,

realistic yet effective indices to quantify the amount of AVs for the future sce-

nario. This matrix can be extended with each stage of evolution or change in

behaviour by any means. The recent lesson cities learnt from the pandemic

was an eye-opener that inclusion of people’s preferences and social inclusion

is of high importance whether it be a classical or advanced approach to anal-

ysis. The pandemic taught the cities that uncertainties are always there thus

drawing the planning policies back to basics and disrupting the established

patterns of living. Talking about the societal goals of this research, eliminat-

ing or keeping the inequity to its minimum itself is a major societal goal that

needs to be addressed while developing any policy guides for future sce-

narios of heterogeneous traffic streams. Although uncertainties are there yet

development in technology and testing is at a pace too, coming back to the

basic and grass root level planning is of uttermost importance. It is the peo-

ple no matter from which group for whom the planning and policy-making

should be carried out. Inequity is directly related to the social goal of ac-

cess, inclusion and community well-being. AVs are supposed to contribute

to serving the underserved community but at the same time can cause net-

work imbalances too by increment in travelled miles thus it is of prime im-

portance to reveal how much our current networks allow to digest without

causing harm to any group of people. That is what is required to be achieved

through analysis.
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As (Nigro et al., 2022) analysed the shifting potential from personally

owned car trips to electric micro-mobility up to 20% of the weekday trips

in case of e-bikes (travel distance bound of 6km) and 11.4% in case of e-

scooters ( travel distance bound of 3km). It reveals the potential trend shift

to these new forms of mobility given appropriate infrastructure is provided.

Similarly, this potential is up to 7% for e-bikes and 4% for e-scooters in case

of weekend trips. For multimodal provision where micro-mobility comple-

ments the public transit, they concluded that 6% of the total morning peak

trips in Rome record lesser travel time as compared to the car trips for the

same origin-destination pair. (Abduljabbar, Liyanage, and Dia, 2021) in their

extensive review of the literature on micro-mobility from a sustainability per-

spective crowns it as an effective low carbon footprint mobility. Not only

this but playing the part in deriving the users away from private and high

pollutant modes of mobility towards sustainable solutions. they suggest div-

ing deeper into research that aims to assess the urban mobility patterns with

micro-mobility through a real-world field and modelling studies. (Christo-

forou et al., 2021) in a statistical user-based survey of electric scooter users

in Paris (pre-pandemic period) revealed that 16% of the e-scooter users have

shifted from other motorized modes (private car, taxi, two-wheeler). More-

over, (Comi, Polimenia, and Nuzzolo, 2022) identified by capitalizing on the

scope of the floating car data from the city of Trani, Italy that 22% of the

car trips can be replaced by the active micro-mobility modes reducing the

car demand up to 10%. Also, developed a possible micro-mobility network

within the area serving 22% trips and proposed an extension to the analy-

sis for analysing the operation and improvement in the performance of the

public transit system. These results immensely illuminate the importance

and relevance of evaluation of the public transit systems on integration with

these micro-mobility modes.

Not only the potential of a shift from private car trips to the micro-mobility
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mode is important but the perspective of micro-mobility complementing the

traditional public transit system is as well. It is serving the micro demand.

Take it this way, at higher hierarchical levels metro/subway systems serve

huge demand but it is the dense bus and tram system that acts as a feeder to

the metros. So the disruptions at the metro/subway level are usually catered

for by bus transit systems but the disruptions at the bus transit level are not

always taken care of by the metro system. It is due to the nature of trips

that could be shorter than expected, eliminating the need for the metro or

maybe in the area where the metro is not serving at all. In that scenario,

it is micro-mobility that complements the ground-level public transit sys-

tems. Yet, it is necessary to evaluate the expanse of their serviceability when

there is a disruptive scenario disturbing normal operations and creating com-

muter disutility. In this study, the authors tried to evaluate the effectiveness

of micro-mobility provision to assess the vulnerability in light of the above

discussion.

1.2 Problem statement

These innovations (autonomous vehicles and micro-mobility modes) and adapt-

ing trends will allow commuters of both private and public transportation

networks to cycle, scoot, and drive like never before. Nevertheless, they will

also cast symbolic outlay on social communities and commuters (Litman,

2021b). This urges transportation planners to adopt innovative analytical

and simulative methods for gauging the potential impacts and making in-

formed decisions. The smart usage of these new forms of mobility can help

to make communities more liveable, efficient, and fair. For instance, exter-

nal traffic costs (travel delays, congestion, parking facility costs, etc. ) are

inequitable but the question of inequity resulting from the introduction of
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autonomous vehicles (AVs) is not answered yet. Although, researchers (Fag-

nant and Kockelman, 2014; Kim and Yook, 2015; Zhao and Kockelman, 2018;

Almeida Correia and Arem, 2016; Liu et al., 2017; Mena-Oreja, Gozalvez, and

Sepulcre, 2018) concluded the reduction in the number of vehicles serving the

demand, vehicle kilometers travel (VKT), and emissions while increasing the

road capacity. Albeit, they used various penetration rates (either incremen-

tal values from 0-100% or fixed values of moderate to high 0.7-1.0) to eval-

uate the effects of AVs in various simulative environments and effectively

described the possible implications. Yet the variability in conclusions draws

our attention to the limitations of studies in terms of quantification of the re-

alistic penetration rate of AVs. So, there is a gap in the current state-of-the-art

on quantification of the penetration rate of AVs to be used in transportation

models and consequently devising a methodology for analyzing inequity in

presence of heterogeneous traffic stream consisting of AVs and TVs (tradi-

tional vehicles).

On the other hand, a boom in the usage of micro-mobility modes gave rise

to a debate on their impacts on the usage and performance of public trans-

portation networks. Numerous studies evaluated the impacts of integration

of micro-mobility with public transportation networks in terms of accessibil-

ity of services and stations, economic effectiveness, variation in user costs,

policy implications, user perception, and acceptance, modal shifts, change

in demand, and health impacts (Cheng and Lin, 2018; Hamidi, Camporeale,

and Caggiani, 2019; Wu et al., 2019; Krizek and Stonebraker, 2011; Fan, Chen,

and Wan, 2019; Griffin and Sener, 2016; Schröder et al., 2014; Heinen and

Bohte, 2014; Marqués et al., 2015; Martens, 2007). Alike, the vulnerability of

public transportation systems to random disruptions is an important perfor-

mance indicator analyzed by (Albacete et al., 2017; Cats and Jenelius, 2014;

Chen et al., 2007; Lu and Lin, 2019; Wang et al., 2020; Buijtenweg et al., 2021;

Luo, Cats, and Lint, 2020; Yap et al., 2019; Lin and Ban, 2013) using complex
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network theory as well as segmentation techniques. Yet, the question of pub-

lic transportation system vulnerability in presence of micro-mobility service

is not explored.

1.3 Scope and objective

As drafted in the problem statement, the main research problem is a collec-

tive or compound impact of the new forms of mobility on private as well

as public transportation networks. As defined earlier, this research thesis is

comprised of two parts; first related to the impacts of the introduction of AVs

into the system, and second related to the integration of micro-mobility ser-

vices with public transportation services. The skimmed gaps in current state-

of-the-art pave the way to define the scope of this research thesis which firstly

roams around the quantification of the realistic penetration rate of AVs before

injecting it into the multi-vehicle assignment models and later performing

the inequity analysis. Secondly, appraisal of the vulnerability of public trans-

portation systems against random service disruptions on the integration of

micro-mobility services. The objectives can therefore be formulated as:

• Devise a methodology for quantification of the realistic penetration rate

of AVs based on a system of indicators depending on the demographic,

road network, and land use factors.

• Based on realistic penetration of AVs evaluate the influence of physical

characteristics of the urban road network on macroscopic fundamental

parameters.

• Analyzing the inequity in travel cost equilibrium caused by the varia-

tion in the trip generation on the inclusion of AVs in the private trans-

portation networks.
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• Assess the vulnerability of the public transportation network against

random service disruptions on integration with micro-mobility services.

• Gauging the improvement or stagnation of public transport network

performance on the provision of micro-mobility services based on the

topography of the city and the size of the service provided.

1.4 Research approach

As explained in the previous section, multiple objectives both related to pri-

vate along with public transportation networks are penned down. The thesis

report is organized thoroughly into two sub-parts dealing with AVs for an-

alyzing their impact on private transportation networks and micro-mobility

for assessing their influence on public transportation network performance.

Later, giving a collective picture of the impacts of new forms of mobility on

our transportation systems. The highlights of the major research queries be-

ing answered in this research work can be seen in 1.1.

FIGURE 1.1: Major research queries of the study

Below is described briefly the approach adopted to attain each of the

drafted objectives in Section 1.3. The schematic visulaization of the propsed

methodlogy can be seen in 1.2.
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1. Devise a methodology for quantification of the realistic penetration rate

of AVs based on a system of indicators depending on the demographic,

road network, and land use factors.

• Depending upon land usage, socio-demographical, and road net-

work classes, indicators are grouped and seven different indices

equations are skimmed. All seven indices are integrated to obtain

a quantification value of the integrated index following a quantile

approach.

2. Based on realistic penetration of AVs evaluate the influence of physical

characteristics of the urban road network on macroscopic fundamental

parameters.

• Macroscopic fundamental diagram for an urban network is used

to express the change in urban road link capacity and its conse-

quent effect on the travel-time flow relationship by incorporating

physical and functional characteristics (such as road link width,

non-negative slope, tortuosity, external disturbance, and parking,

etc.) of the urban road network

3. Analyzing the inequity in travel cost equilibrium caused by the varia-

tion in the trip generation on the inclusion of AVs in the private trans-

portation networks.

• For the travel equilibrium cost analysis to determine the inequity,

the Equilibrium Trip Distribution/Assignment with Variable Des-

tination Costs (ETDA-VDC) model from (Oppenheim, 1995) is used.

A bi-level optimization model is used to attain the objective in

which the lower level assigns the travel demand to the network

following the stochastic user equilibrium (SUE) approach whereas

the upper level maximizes the trip generation based on quantified
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penetration rate, inequity constraints, and physical constraints of

the origin and attraction zones.

4. Assess the vulnerability of the public transportation network against

random service disruptions on integration with micro-mobility services.

• The micro-mobility mode used in this study is the public shared

bicycle system. This shared bicycle system supply model is inte-

grated with a multi-modal PuT network model. Later based on

the dynamic centrality measures the integrated model is cluster-

ized in the form of hierarchical segments with each cluster having

the most vulnerable components highlighted. A mixed machine

learning technique is used to highlight the vulnerable components

and the most critical neighbors of these vulnerable components in

the integrated model. Finally, various random disruption scenar-

ios are assessed in conjunction with micro-mobility usage depen-

dent upon the type of disruption to examine the vulnerability of

the PuT system.

5. Gauging the improvement or stagnation of public transport network

performance on the provision of micro-mobility services based on the

topography of the city and the size of the service provided.

• The comparison is made between two metropolitan cities of dif-

ferent topographical layouts and sizes of the public shared micro-

mobility service. This comparison reveals how different factors in

different scenarios cast an impact on the performance of the public

transportation system.
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FIGURE 1.2: Proposed methodology flowchart

1.5 Organization of thesis

The next chapters will follow the structure as follows: Chapter 2 describes

the state-of-the-art practice and research relevant to the impacts and analysis

of new forms of mobility, trying to carve out the opinions of researchers and

various studies related to the objectives penned down earlier. Also, revealing

the gaps in the research and defining the research questions to be answered

via this research thesis. Galvanized by the available methodologies and tech-

niques, Chapter 3 carves out the innovative and detailed methodology to

attain the objectives of the compound impact of these new forms of mobil-

ities on transportation systems. The formulated methodology is applied to

the city of Genoa, Italy, and Barcelona, Spain in Chapters 4 and 5. All the key

objectives and methodology formulated to attain the objectives as well as key

findings upon real network analysis are recalled in Chapter 6 to derive the

policy implications. It also concludes with the limitations of this work and
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directions for future research. The organization of the thesis can be visual-

ized in 1.3.

FIGURE 1.3: Organization of the study
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Chapter 2

State of the art and practice

2.1 Introduction

This chapter reviews the state-of-the-art in view of the objectives and mo-

tivations of this research penned down in Chapter 1 of this research thesis.

The organization of this chapter constitutes a thorough review of the current

debate related to the impacts of Autonomous vehicles on the performance

of transportation networks and urban land usage patterns in terms of travel

costs equilibrium. Later, it also summarizes the existing theories, and empir-

ical as well as statistical studies related to the integration of micro-mobility

modes with traditional public transportation networks. This extensive re-

view reveals the gap in the existing literature forming a conceptual map of re-

search questions that are studied, worked upon, and answered by this novel

research.

2.2 An era of Autonomous Vehicles

The concept of a person driving behind the steering was always accompa-

nied by a vision of a car bringing its passengers to their destinations without

a driver controlling the vehicle. However, the accomplishment of this vi-

sion continually remained somewhat 20 years away from becoming a reality

(Wetmore, 2003). Self-driving vehicles played a vital role in visualizations of
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technology albeit their translation into reality largely remained pictorial until

recent times.

The technological boom in the vehicle industry arose with the invention

of autonomous vehicles (AVs) in the late 1920s (Kröger, 2016). From the first

driverless car tested on McCook airforce base in Ohio, USA to the American

Wonder on Broadway, New York, technically these vehicles were remote-

controlled but theoretically driverless self-driving wonders (Kröger, 2016).

From the period when they were called phantom auto (Sentinel, 1926) or

robot cars (O, 1936) up to recent times with the development of fully au-

tonomous vehicles (AVs) and connected automated vehicles (CAVs), their

prototypes are being tested on common roads. The latest example of this

is a 22-mile long network of urban streets augmented for self-driven vehi-

cle testing in Turin, Italy (Car and Driver 2019). These test runs attested to

the replacement of traditional vehicles (TVs) whether they are privately or

commercially owned. Furthermore, through test runs, it is revealed that in-

troducing AVs into the system generates an evolutionary change in vehicle

usage norms while at the same time impacting the transportation systems.

2.2.1 Impacts on macroscopic network parameters

The capacity of urban networks and traffic flow has always been a topic of

interest for planners, policymakers, government authorities, and statistical

physicists in recent decades (Chowdhury, Santen, and Schadschneider, 2000;

Yoshioka et al., 2019; Yoshioka, Shimada, and Ito, 2017). Repetitive travel

patterns of commuters make it difficult to mitigate congestion as increased

induced travel demand and population growth rapidly consume any added

network capacities (Loder et al., 2019). Traffic yields three macroscopic pa-

rameters namely speed, flow, and density of vehicles on the network. These
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parameters generate two conditions of the traffic which either becomes satu-

rated or unsaturated. A saturated condition is when the addition of a vehicle

to the network further moves the system towards congestion decreasing the

speed and flow of traffic. Whereas, in an unsaturated condition any addition

of vehicles to the network also increases the flow of vehicles (Cascetta, 2009).

The critical point decides the boundary between the network’s saturated and

unsaturated conditions. This critical point is the capacity of the urban traffic

network to yield the maximum traffic flow that can be accommodated with-

out causing congestion. Although one-dimensional and expressway traffic

flows are detailed in studies like (Castrillon and Laval, 2018), some of them

(Daganzo and Geroliminis, 2008; Geroliminis and Daganzo, 2008) also stud-

ied urban traffic networks.

The rapid testing of AVs and the impact of these technological advance-

ments on transportation systems need to be investigated. In this regard, re-

searchers (Cantarella et al., 2019; Payre, Cestac, and Delhomme, 2014; Talebpour

and Mahmassani, 2015) analyzed and evaluated the problem of introduc-

ing autonomous vehicles into the transportation networks and highlighted

the opportunities and gains that could be achieved in terms of macroscopic

fundamental traffic network characteristics. Despite improved mobility and

safety to the highest level expected from these technologies, concerns about

their long-term impact on transportation systems are also there (Fakhrmoosavi

et al., 2020; Shao and Sun, 2021; Mahmassani, 2016; Jiang et al., 2021; Ghiasi,

Li, and Ma, 2019; Zmud et al., 2018). Yet, there is no evidence of quantifica-

tion of the penetration rate of AVs in urban network evaluations but some

predictive studies (Milakis et al., 2017; Research, 2020; Litman, 2020; Ben-

Haim, Ben-Haim, and Shiftan, 2018; Lavasani, Jin, and Du, 2016) for penetra-

tion rate are present.

Milakis et. al. conducted a scenario analysis following an intuitive logic
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approach around the most impactful technologies and policies towards sup-

portive and refuting implementation of AVs. Four scenarios of AVs in stand-

by, in bloom, in demand, and in doubt were analyzed for the future devel-

opments track in the Netherlands and their potential impacts over the time

up to 2030 and 2050. The analysis revealed that fully automated vehicles

will be available in twenty years thus increasing the penetration rate of AVs

up to 61% in 2050. This inclusion is expected to enhance the capacity of the

motorway from 5% to 25% and vehicle kilometers traveled from 3% to 27%.

Following the analysis, the results are validated in a logical workshop of fif-

teen field experts.

Litman used previous analysis to predict the market penetration of AVs

for 2020-70 based on the factors like the pace of technological developments,

regulatory and testing approvals, incremental costs, land usage and travel

preferences at the user end, service quality, and affordability, public policies

for swift inclusion and safety. This theoretical analysis predicts the increase

of market penetration of AVs based on improvement in performance, decre-

ment in price, and increment in user confidence such that by 2045 half of the

new vehicle sales would be autonomous albeit market saturation will not be

the same. This trend can result in a faster shift towards AVs in dense urban

environments considering sharing services but unlikely to switch to private

travel in suburban and rural areas. Although, this study predicts that AVs

travel between 50-80% by 2060 albeit highly dependent on theoretical pre-

dictive studies.

Ben-Haim et. al. developed a qualitative approach for estimating the

penetration rate of AVs for 2030-50 to evaluate their impact on travel be-

havior and user activities. They used the Delphi method in combination

with scenario analysis to construct two rounds of survey analysis. Again

the approach of expert-based surveys was used which concluded significant
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progress in AV technology and usage till 2050 thus increasing the penetra-

tion of these vehicles into the traffic network. The penetration rate of AVs

touches 23% for the year 2030 whereas jumps up to 60% by the year 2050.

Similarly, Lavasani et. al. developed a market diffusion model based on the

data of previous technologies adoption. Considering the adoption patterns

of previous advancements, an indicator of innovation factor and imitation

factor were deduced to evaluate the market penetration of AVs. The study

concluded that a market saturation might occur in 35 years given that fully

autonomous vehicle is available by 2025. To the best of the knowledge of the

authors, no state-of-the-art quantitative method for AV penetration rate was

found except for Lavasani et. al. with limited indicators considered. This

certainly is a gap since without a precise penetration rate the impacts of AVs

cannot be synthesized as they are not part of the real-time networks yet.

Furthermore, various researchers penned down the impacts on travel and

mode choices, travel behavior, traffic patterns, environmental effects, and

road safety. As per (Fagnant and Kockelman, 2014), a system of shared AVs

reduces 10 times the number of vehicles to serve the existing travel demand

as well as appreciable emission savings but suffers 11% more empty vehicle

kilometers travel (VKT) to reach the next passenger. Effective roadway ca-

pacity increased three times with 100% deployment of AVs on the roads con-

sequently incurring travel time savings (Kim and Yook, 2015), while (Zhao

and Kockelman, 2018) suggests that increasing the induction of AVs with

more travelers opting for them over TVs and public transport will result in

a 10% increase in VKT with consequent congestion and almost a 3% drop in

average speed. Nevertheless, (Almeida Correia and Arem, 2016) concludes

after solving a traffic assignment and vehicle routing problem for user opti-

mum scenario of privately owned AVs that this new form of intelligent ve-

hicles can serve more trips as compared to TVs while causing only a little

increase in congestion regardless of extra VKT. They also concluded that if in
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conjunction with this technology user perceives a lower value of travel time

this can further serve even more trips without any cost of congestion.

On the other hand, (Liu et al., 2017) revealed the increase in road capac-

ity up from 2000 veh/h at 0% AVs to 3070 veh/h by replacing all the TVs

with AVs in a transportation network that is with 100% of the penetration

rate of AVs. Similarly, an increment of 46% in the free flow speed from 78.85

km/h to 115.20 km/h, whereas improving the critical density slightly shows

the property of AVs to make the entire traffic flow stable. However, (Mena-

Oreja, Gozalvez, and Sepulcre, 2018) shows that large safe gaps in the pla-

toon of mixed vehicle streams reduce the impacts of AVs in the traffic. In

over conservative scenario even with a 100% penetration rate of AVs the traf-

fic flow only increases to 9.39% as compared to the scenario with no AVs

in the traffic stream, whereas for aggressive and neutral gap configuration

the flow increases up to 39.21% and 26.09% respectively (Liu et al., 2017).

(Stern et al., 2018) in a thorough real-life experiment with a circular mixed

traffic stream of AVs and TVs, claims the augmented capacity of a mixed

traffic stream for a penetration rate as low as 5% of intelligently controlled

AVs. Overall, (Stern et al., 2018) shows that the deviation of velocity between

vehicles in a mixed stream is reduced up to 80% and braking events from

9 events/veh/km decreased to 2.5 events/veh/km. (Friedrich, 2016) after

macroscopic traffic flow analysis involving AVs shows a significant increase

in capacity leading to the efficient use of transport infrastructure, reduction

of traffic loss time and jams due to shortening of headways, and higher speed

at constant density in presence of AVs.

However, (Little, 2019) came up with a different conclusion stating that

the capacity increases and the urban congestion reduce drastically in a setting

of 100% AVs but a mix of TVs and AVs on the contrary reduces the capacity

of an urban traffic system. They discovered that in a mixed traffic stream

scenario with a 50% penetration rate of AVs the traffic capacity decreases up
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to 16.3% as compared to the current capacity. This volatility in conclusions

from the literature creates room for questions and still, the answers are un-

certain. (Narayanan, Chaniotakis, and Antoniou, 2020) reviewed and sum-

marized the state-of-the-art literature on the consequences of CAVs and AVs

on road network capacity, traffic flow stability and safety, travel time, conges-

tion, changes in VKT, and policy recommendations for the inclusion of this

new form of mobility. According to (Narayanan, Chaniotakis, and Antoniou,

2020), one of the key constraints in current literature recounts the factors and

assumptions being used in the modeling studies analyzing the impacts of

AVs on transportation networks, users, and society. Although testing of this

new form of mobility is at pace; studies except for (Martin-Gasulla, Sukennik,

and Lohmiller, 2019) do not often take into account the real-world parame-

ters and factors affecting the inclusion of AVs on transportation networks.

The study (Martin-Gasulla, Sukennik, and Lohmiller, 2019), uses realistic

network parameters to evaluate the impacts of AVs on traffic flow param-

eters using a microsimulation analysis of a simplified four-leg intersection.

But do not consider any realistic parameters for the inclusion of AVs thus

calculating the impacts on various penetration rates from 0-100%. Studies

(Ye, Yamamoto, and Morikawa, 2018; Zheng et al., 2019; Sagir and Ukkusuri,

2018; Anis and Csiszár, 2019; Kutgun, Duc Pont, and Janzen, 2018; Xie et al.,

2019) used various penetration rates ( either incremental values from 0-100%

or fixed values of moderate to high 0.7-1.0) to evaluate the effects of AVs in

various simulative environments and effectively described the possible im-

plications.

For evaluating the implications of this new technology macroscopic fun-

damental diagram (MFD) offers a simplified yet holistic approach to system-

atically examining urban traffic at both link and network levels (Loder et al.,

2019). It effectively allows determining the critical point between two traf-

fic conditions of an urban network consequently revealing overall capacity.
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As (Leclercq, Chiabaut, and Trinquier, 2014) presents a cross-comparison of

various MFD estimation methods both for a link and network level and de-

scribes its possible usage for simulation purposes. This makes it a useful tool

to analyze the operation of urban transportation networks in heterogenous

traffic scenarios with AVs.

The MFD gives an overall link/network capacity and corresponding crit-

ical density and flows after which the saturation starts. Later, they are used

to determine the travel-time and flow relationship for the link or the entire

network. Researchers (Di Febbraro and Sacco, 2016; Maximcsuk, Lu, and

Tettamanti, 2019; Karbasi, Mehrabani, and Saffarzadeh, 2020) evaluated the

influence of introducing this new form of mobility into urban transportation

networks by using MFDs. Although they (Maximcsuk, Lu, and Tettamanti,

2019; Karbasi, Mehrabani, and Saffarzadeh, 2020) showed that AVs have sig-

nificant impacts on traffic flow, their consequences on travel time are still

missing. Also, they do not take into account the physical and functional

parameters of the network links (disruption, road bends, number of non-

signalized crossings, etc.) which certainly influence link and overall network

performance. The variability in conclusions also draws our attention to the

limitations of studies in terms of quantification of the realistic penetration

rate of AVs.

2.2.2 Equillibrium shift in Landuse - Transportation interac-

tions

Given the law of physics, any new addition to the existing system shifts its

equilibrium. Similarly, this new form of self-driven form of mobility raised a

question of changes in transportation system equilibrium including all differ-

ent classes of autonomous vehicles as explained in J3016 Information Report

(SAE, 2014). Albeit, it is also a fact that a complete transition and 100% a shift
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from the TVs to AVs could take many years or a couple of decades to be true

and massively reliant on huge investments from the tech giants for develop-

ing full-proof technology (A, 2018). Such a level of technological advance-

ment makes it necessary to get done a thorough evaluation of functionalities

and impacts on the user, society, and overall system.

In a scenario of a heterogenous traffic stream with TVs and AVs, the

interactions on a transportation network for studying mobility patterns in

polycentric urban dwellings need a comprehensive analysis of user demo-

graphics, road network characteristics, and land usage. Henceforth, follow-

ing realistic quantification of the penetration rate of AVs, it appears lucra-

tive to highlight and investigate the impacts of AVs in terms of land use and

transportation interaction (LUTI) for effective planning of future transporta-

tion networks. Although effective studies of spatial interactions date back

to 1931 albeit the articulation of urban-dwelling models for land use and

transportation interactions came into existence in the early 1950s and 1960s

(Wilson, 1998). Theoretical advancements in the field of land use and trans-

portation interaction models are comprehensively penned down by (Wilson,

1998). Going through the land use and transportation interaction patterns,

it is observed that they are dependent on each other in a cyclic pattern. The

interaction patterns are most probable and consistent with the state of the

intensity of transportation services availability and land usage pattern (Wil-

son, 1998). Since the start of urbanization, the location of the population

remained dependent on the location of their workplaces, then with the era

of powered mobility, the urban population started to expand alongside the

major roads, tram lines, etc. (Cordera et al., 2019). In turn, land use and

settlement decisions contributed towards trip generation with the continued

increase resulting in congestion and consequent high trip costs.

However, some of the research (Erlander, 1977; Fisk, 1979) proved that in-

cremental trips do not necessarily become a reason for high trip costs for all
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the paths in the network. (Fisk, 1979) showed via extensive sensitivity analy-

sis of travel costs in Wardrop’s equilibrium problem that both origins to des-

tination and overall travel cost can be decreased for an increasing input flow

but not necessarily for the same OD pair. In such a case, the travel cost for

the same network does not remain equitable for all the network users. For

evaluating the amount of inequity resulting from the higher inflows in the

network there have been many examinations (Meng and Yang, 2002; Rodier

et al., 2010; S, 2013) in continuous network design problems for LUTI. (Meng

and Yang, 2002) analyzed equity after the network design project for differ-

ent OD pairs of the network via continuous network design problems by

implementing it on the Sioux Falls network. (Rodier et al., 2010) investigated

the equity issue for different transport and land usage policies on travel time

and travel costs using advanced aggregate travel models and activity-based

models. (S, 2013) used a regional activity-based travel model for transporta-

tion equity analysis involving distributional comparisons of individual-level

equity indicators and societal scenario-based equity analysis.

Similarly, (Litman, 2021a; Fan et al., 2019) detailed the disparities and

unfair distributional gains of transportation systems, services, and policies

collectively impacting the part of communities. Not only this but providing

methods for determining the inequity for various transportation enhance-

ments. (Kassens-Noor et al., 2020) after an extensive review of current liter-

ature on AVs astoundingly identified the gaps in research on the social im-

pacts of AVs and concluded that the challenges are being overlooked. No

evidence was found of inequity analysis on the inclusion of AVs into real

transportation systems creating heterogeneous traffic streams up to the au-

thor’s knowledge except (Bilal and Giglio, 2021) which involves the analysis

of an example network with an independent penetration rate of AVs.
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2.2.3 Key Takeaways

The extensive review of state-of-the-art related to the impacts of AVs on

transportation networks as well as land-use interactions reveals a gap for

us to fill via this novel research. It brings us to the first objective of our re-

search to define a methodology that extensively and realistically quantifies

the penetration rate of AVs to be used in modeling and analyzing traffic flow

characteristics. The first goal is to identify the factors converted into indices

for the inclusion of AVs into the network based on the socio-economic and

demographical characteristics of the study area. Secondly, by using this real-

istically quantified penetration rate, evaluate the impacts of this new form of

mobility on urban road link capacity via macroscopic fundamental diagrams

and its consequences on the travel-time flow relationship by incorporating

physical and functional characteristics of the urban road link. Later, using

the realistic penetration rate of AVs, carrying out the inequity analysis on a

real transportation network to analyze the resultant change or imbalance in

travel equilibrium costs.

The quantification in this research is based on three major classes: user

demographics, road network, and land use which will be responsible for

the adoption and consequently get influenced by the impacts of AVs. For

the consistent and reliable evaluation of extracted data, different researchers

(Frei, 2006; Bergström and Magnusson, 2003; Hensher, Stopher, and Bul-

lock, 2003; Dios Ortúzar, Iacobelli, and Valeze, 2000; Keegan and O’Mahony,

2003) used a system of indicators for evaluating the quality of services, social

equity improvement, transport network assessment for pedestrian mobility,

and temporal and spatial comparisons. Here we grouped various indicators

into already mentioned three major classes to quantify the penetration rate of

AVs for the city of Genoa, Italy in the first part of our research for analyzing
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the impacts of the state-of-the-art form of mobility on the transportation net-

work in terms of private mode commuters. Major research questions to be

answered for the part of private transport network evaluation are as follows;

• How do various demographic, road network, and land use factors gov-

ern the quantification of the penetration rate of AVs?

• How do the physical and functional characteristics of urban road net-

work influence the capacity and travel time flow relationship in pres-

ence of a realistically quantified amount of AVs?

• How the increased trip generation on the introduction of a quantified

amount of AVs will result in inequity from the different equilibrium in

travel costs among various travel zones?

2.3 Public transport network vulnerability

The public transport network (PuT) is vital for the mobility of people and

goods within and between cities. Components of this system that are serv-

ing the purpose of connecting the evolving polycentric urban dwellings are

the backbone of the system (Louf and Barthelemy, 2013; Zhong et al., 2014).

The daily commute of users on this system creates a natural urban mobility

pattern inherently linked with the set-up of public transport networks. More-

over, urban settings with extensive multi-modal transportation networks form

a complex system of mobility giving rise to mobility patterns of passenger

flows. In this scenario, commuters demand the least fluctuations in terms

of travel time and travel quality while commuting toward their destination

point (Bilal, Sarwar, and Giglio, 2021).

As much as the system is complex, more vulnerable is it to unwanted

disruptions. So before dealing with the disruptions it is important to skim

out the vulnerabilities of the system. For a public transportation system to
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be an alluring option for people with daily mobility needs, it has to be up

to the mark in terms of efficacy and robustness. Efficacy refers to the ability

of the system to allow its users to reach their destinations in a rapid, calm,

reasonable, and accessible manner. Moreover, robustness depicts the capabil-

ity of the public transport system to withstand and recover from unwanted

and unexpected disruptions in terms of network, vehicle, or infrastructure

(Cats and Jenelius, 2012). It should be noted that vulnerability is defined for

the transportation network but that doesn’t mean the network is the least

robust but certain components (nodes and links) and locations are. Iden-

tifying the locations of public transport networks where the failure could

impose the worst consequences on urban mobility is of prime importance.

The likelihood of failure of various network components is usually the same

but the effect isn’t. There are critical components precisely links and nodes

in the public transport network which upon failure cause immense disrup-

tions in public transport operations consequently affecting users’ mobility

(Mouronte-López, 2021). A trustworthy public transport system should be of

high tolerance to disruptions for keeping the commuter journey by the plan.

Very few researchers (Bilal, Sarwar, and Giglio, 2021; Berche et al., 2009; Al-

bacete et al., 2017; He, Guo, and Xu, 2019; Cats and Jenelius, 2014) focussed

on assessing the vulnerability of a public transport network where multiple

modal services superimpose to serve the demand.

2.3.1 Assessment of the public transport network

(Berche et al., 2009) tested the public transport network resilience of 14 dif-

ferent cities under 16 different attack scenarios. The scenarios range from

random disruptions to targeted removal of critical nodes based on the opera-

tional characteristics and various centrality indicators leading to the removal



28 Chapter 2. State of the art and practice

of all the links; starting or ending at that node. Apart from deviation in re-

sponse to attacks of the considered transport networks, high resilience results

in the high value of the Molly-Reed parameter in L-space and a small value

of mean shortest paths in P-space. (Albacete et al., 2017) in their comparison

of various public transport network accessibility methods implied the struc-

tural accessibility layer and public transit and walking accessibility meth-

ods in the multi-modal public transport network of Helsinki. This research

aimed to analyze the policy implications of various accessibility measures

for public transport systems considering traffic conditions instead of timeta-

bles. (Albacete et al., 2017) concluded that the methodologies for accessibility

measures are sensitive to the type of inputs, demographics, space, and time.

(Bilal, Sarwar, and Giglio, 2021) studied the impact of travel time reliability

in multi-modal public transport route assignment. Various scenarios based

on perceived journey times including reliability constraints deduced from

the Poisson parameters in the optimization model were generated. Based on

these scenarios (Bilal, Sarwar, and Giglio, 2021) concluded that line routes

with longer lengths, fewer stops, and the least disruptions are the most reli-

able routes chosen by the maximum users in the simulative environment.

(He, Guo, and Xu, 2019) applied cascade failure theory to analyze the

risk propagation in a multi-modal freight transport network. The study re-

vealed that when the proportion of risk source nodes is greater than 60%

the network leads to a state of failure with average network efficiency being

zero. (Cats and Jenelius, 2014) developed centrality measures based on dy-

namic and stochastic settings from the perspective of both users and service

providers to study the vulnerability of the network in case of disruptions.

Application of devised measures on the public transport network of Stock-

holm, Sweden revealed that real-time information provided to the users of

the public transport system not only has positive but negative impacts in

case of disruptions depending upon the nature and extent of information
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provided. Moreover, (Cats and Jenelius, 2014) also concluded that between-

ness centrality is not the best indicator of link importance.

(Chen et al., 2007) proposed a methodology of combined demand and

supply change model for evaluating network vulnerability against disrup-

tions. The formulated combined travel demand model used accessibility

measures to quantify the impacts of disruptions. A numerical example showed

that the derived measures are capable of estimating the disruption conse-

quences on both demand and supply changes. Similarly, (Lu and Lin, 2019)

applied the accessibility-based vulnerability assessment method to an urban

rail transit network considering passenger flow characteristics for the city

of Shenzhen, China. Also, (Lu and Lin, 2019) concluded that besides net-

work topology, passenger flow yields a more authentic and realistic approach

to studying the impact of disruptions where stations with higher passenger

flow pose a huge impact on network accessibility in the event of a disruption.

For effective and inclusive analysis of the public transport network and to

identify the vulnerable network components; segmentation of the network is

a valuable tool. There have been studies (Wang et al., 2020; Buijtenweg et al.,

2021; Luo, Cats, and Lint, 2020; Yap et al., 2019; Lin and Ban, 2013) implying

complex network science factors like the position of network hubs, passenger

transfer flows, accessibility analysis, and topological analysis to unravel the

hierarchy of public transport networks. This hierarchical segmentation of the

public transport network can help understand the vulnerable clusters in the

network with susceptible components. (Wang et al., 2020) used passenger

flows in complex network theory to cluster the public transport network of

the city of Hague, The Netherlands. By using Louvain community detection

in combination with the self-sufficiency ranking method to determine the

hierarchy of the public transport network (Wang et al., 2020) concluded that

the hierarchy changes for different time sets.
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(Buijtenweg et al., 2021) used a metrics approach to quantify the hier-

archy in public transport networks on a nodal basis with its application to

the city of Amsterdam and Rotterdam. The metric used topological, transfer

potential, and redundancy measures of a public transportation network to

yield a single measure. One of the important conclusions of this study was

the fact that the degree of spatial distribution in node-based public trans-

portation network hierarchy defines the robustness against random disrup-

tion events. Not only this but (Luo, Cats, and Lint, 2020) used reversed engi-

neering approach to approximate the passenger flow distribution across the

public transport networks of two Dutch cities solely based on certain net-

work topological indicators through network hierarchy. Whereas, (Yap et al.,

2019) used passenger flow clustering to identify the transport hubs and their

spatial distribution to solve the transfer synchronization problem thus pro-

viding specific locations to be prioritized for transfers consequently reducing

the complexity. (Lin and Ban, 2013) after an extensive theoretical review of

complex network theory based on topological measures revealed that each

advancement in transportation technology generates a unique behavior of

user mobility giving rise to movement patterns. Exploring the relationships

of these patterns with underlying public transportation systems is of utmost

importance.

2.3.2 A boom of Micro-mobility

With cities accepting and including new forms of electric/non-electric micro-

mobility options in the traffic networks it is an important aspect to re-evaluate

and think about the effects of these emerging forms of mobility on public

transport. Various studies as listed in Table 1 analyzed the potential use of

micro-mobility modes and evaluated the impacts of the built environment
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properties in the surroundings of PuT stations. Characteristics like popula-

tion density and land usage significantly influence the propensity of choos-

ing micro-mobility as a first/last mile option for public transport, both in

the case of private and shared micro-vehicles (Cheng and Lin, 2018; Hamidi,

Camporeale, and Caggiani, 2019; Lee, Choi, and Leem, 2016; Zuo et al., 2020).

Also, necessary for optimal planning of several parking spaces for this mode

or the area and position of docking stations.

The presence of greenery around the PuT station is also considered in

studies (Ji et al., 2018; Lin et al., 2019; Liu et al., 2020; Wu et al., 2019; Zhao

and Li, 2017; Chan and Farber, 2020; Geurs, La Paix, and Van Weperen,

2016; Pritchard et al., 2019; Sagaris, Tiznado-Aitken, and Steiniger, 2017; Guo

and He, 2020) which in turn leaves a positive impact on the usage of micro-

mobility. Another important factor analyzed in studies (Hamidi, Campore-

ale, and Caggiani, 2019; Wu et al., 2019; Geurs, La Paix, and Van Weperen,

2016; Zuo et al., 2020) is the accessibility of PuT stations when micro-mobility

modes are integrated with public transportation. It is analyzed how well

sharing services, micro-mobility infrastructure, and facilities can be accessed

and how well these provide access to services and opportunities within a

given time. It is an important factor when evaluating mobility patterns, in-

equity of access, and user behavior analysis. Some of the mentioned studies

(Cheng and Lin, 2018; Li et al., 2020; Krizek and Stonebraker, 2011) also in-

cluded cost-benefit analyses for various integration measures to determine

the economic effectiveness of micro-mobility and public transport integra-

tion. Not only this but researchers (Adnan et al., 2019; Fan, Chen, and Wan,

2019; Griffin and Sener, 2016; Li et al., 2020; Miramontes et al., 2017; Qin et

al., 2018; Schröder et al., 2014; Heinen and Bohte, 2014; Marqués et al., 2015;

Martens, 2007) studied the cost of users, policy implications in favor of micro-

mobility, user preferences, modal choices, user perception, and acceptance,

modal shifts, change in demand, health and economic impacts, safety and
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TABLE 2.1: State of the art for Public transport and micro-
mobility integration

Research Type of
micro-
mobility

Integration
with

Area of ap-
plication

Type of analysis

(Cheng and
Lin, 2018)

Shared ser-
vice

Metro rail Kaohsiung,
Taiwan

A survey in which respon-
dents are asked about their
possible usage patterns and
stated preferences for the in-
clusion of Micro-mobility ser-
vices in the vicinity of metro
stations. Later, GIS and cost-
benefit analysis for possible
incorporation.

(Hamidi,
Campo-
reale, and
Caggiani,
2019)

Shared ser-
vice

All PuT Malmo,
Sweden

Analysing the transport-
related social issues by using
a bicycle as a feeder mode for
PuT accessibility. Usage of
Theil index to picturise the
distribution and inequality
of bikeability at a spatial and
non-spatial level for policy
evaluation of investments.

(Zuo et al.,
2020)

Private
owned

Bus Hamilton,
USA

Transit accessibility study by
comparing walk and bicycle
and first-and-last mile access
modes. Examining the bene-
fits and distribution inequali-
ties of transit among various
social groups in terms of eth-
nicity.

(Ji et al.,
2018)

Docking
bicycle
service

Metro rail Nanjing,
China

Mining of smart card data
to explore the possibility of
bike-share mode as a feeder
for the metro transit.

(Lin et al.,
2019)

Shared ser-
vice

Metro rail Shanghai,
China

Evaluating the catchment
area capacity of metro
stations in presence of a
dockless shared bicycle sys-
tem. Statistical and spatial
analysis for discovering the
distribution patterns for
urban planning regarding
the size of a shared system.
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(Liu et al.,
2020)

Shared ser-
vice

Metro rail Nanjing,
China

Statistical and spatial analy-
sis to discover the influence
of socio-demographics, travel
patterns, and built environ-
ment on the usage of bike-
share as a feeder mode for the
metro transit.

(Wu et al.,
2019)

Shared ser-
vice

Metro rail Shenzen,
China

Destination accessibility
analysis from big data of
bicycle usage of the pub-
lic bike-sharing system in
conjunction with the metro
transit system.

(Zhao and
Li, 2017)

Docking
service

Metro rail Beijing,
China

Statistical study to determine
the factors for the promotion
of bicycle usage as a transfer
mode to and from metro tran-
sit stations.

(Chan and
Farber,
2020)

Private Commuter
rail

Toronto,
Canada

Preliminary statistical inves-
tigation for defining the indi-
cators influencing the active
mode of travel (walking and
cycling) as access to the tran-
sit system.

(Geurs,
La Paix,
and Van
Weperen,
2016)

Private Railways Randstad,
Nether-
lands

Simulative study to examine
the impingements of bicycle
and train integration on work
accessibility and train rider-
ship.

(Pritchard
et al., 2019)

Private Metro and
railways

Sao Paulo,
Brazil

Bike-and-ride model to eval-
uate the potential benefits in
terms of job accessibility by
transit.

(Sagaris,
Tiznado-
Aitken, and
Steiniger,
2017)

Private Bus &
Metro tran-
sit

Santiago,
Chile

Conceptual framework in
terms of social and spatial
perspective for various for-
mats of bicycle and public
transport integration based
on the type of land use.
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(Adnan
et al., 2019)

Single
Docking
service

Railways Belgium Providing a user-based stated
preference survey technique
to evaluate their choices for
selecting shared bicycle sys-
tems as the first-last mile
travel mode in a multi-stage
rail trip.

(Fan, Chen,
and Wan,
2019)

Shared ser-
vice

All PuT Montreal,
Canada

Examining the effects of user
attributes, trip properties and
built environment on travel
mode choices for first-last
mile trips through multino-
mial logit mode choice model
before and after the imple-
mentation of the shared bicy-
cle system.

(Griffin
and Sener,
2016)

Shared
Docking
service

Railways Austin &
Chicago,
USA

A review study of policy and
planning documents by us-
ing mixed method datasets
by combining empirical data
from bike-share system oper-
ators.

(Miramontes
et al., 2017)

Intermodal
Hub

Tram,
Metro rail,
Bus

Munich,
Germany

Survey-based study to exam-
ine the user acceptance and
perception as well as the
mobility impacts of micro-
mobility stations at particular
public transport nodes.

(Qin et al.,
2018)

Docking
shared ser-
vice

Metro rail Beijing,
China

Stated preference survey-
based study to read the user
choice behavior on the provi-
sion of public bike and ride
systems

(Schröder
et al., 2014)

Electric Mi-
cro vehicle

Rail PuT Germany A multi-method approach
proposes a customer-
oriented intermodal sharing
service and integrates it with
a macroscopic model for
the economic evaluation of
e-sharing services.

(Marqués
et al., 2015)

Private PuT Seville,
Spain

An extensive study for deter-
mination of main catchment
areas of PuT by using GIS
and variable demand of us-
age.
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(Martens,
2007)

Private PuT Netherlands A review study to summa-
rize the experience, impacts
and possible policy implica-
tions of various Dutch ini-
tiatives for the integration of
shared bicycle systems with
public transport networks

(Tavassoli
and
Taman-
naei, 2020)

Shared
Docking
service

BRT Isfahan,
Iran

A numerical study for an op-
timal hub network design for
Bike-and-Ride services to re-
duce car usage.

(Guo and
He, 2020)

Dockless
shared ser-
vice

Metro rail Shenzen,
China

A study to analyze the im-
pacts of the built environ-
ment on integrated use of
dockless bike sharing system
with metro rail.

liveability effects upon integration of public transport and micro-mobility.

2.3.3 Key Takeaways

Even though extensive work is present in the literature related to the inte-

gration of public transport and micro-mobility, no evidence of the impacts

of this micro-mobility on the vulnerability of public transport networks was

found except for (Geurs, La Paix, and Van Weperen, 2016). Albeit, (Geurs,

La Paix, and Van Weperen, 2016) extensively modeled the public transport

network but only analyzed vulnerability in terms of accessibility on inte-

gration with micro-mobility. Segmentation of public transport networks in

presence of micro-mobility and analyzing detailed dynamic vulnerability is

something missing from the current state of the art. As cities have witnessed

a boom in the usage of micro-mobility options while recovering from the

pandemic it is a dire need to work in this direction. Certainly, the integration

of micro-mobility with public transport generates interesting facts and im-

pacts overall user mobility but the absence of its impacts on the whole public

transport network in terms of vulnerability assessment paves way for our

research questions as follows;



36 Chapter 2. State of the art and practice

• How do dynamic centrality measures help identify the most critical

components of the network and the most stressed neighbors?

• How do electric/non-electric micro-mobility modes affect the public

transport network vulnerability in a scenario of random disruptions?

• How does cityscape and provision of effective shared micro-mobility

systems improve the performance of public transport networks?



37

Chapter 3

Methodological framework

3.1 Introduction

Given the objectives laid in Chapter 1 and research questions defined in

Chapter 2, this chapter includes a methodological framework formulated to

find the answers. Section 3.2 constitutes the methodology formulated for

the quantification of the realistic penetration rate of AVs, transport supply

model setup for macroscopic fundamental parameters evaluation, and later

a convex minimization problem for the inequity analysis in transportation

equilibrium costs. Section 3.3 is composed of a multi-modal public trans-

portation setup, share micro-mobility model formulation, dynamic central-

ity measures for vulnerable network components identification, and random

disruption scenarios definitions.

3.2 Private transport network supply model setup

In this section, the main assumptions, notations, and definitions of the in-

volved constants related to the model settings are presented. Moreover, real-

istic quantification of the penetration rate is done in this section followed by

the setup of the transportation supply model leading to solving the convex

minimization problem. Major assumptions of the methodology of private

transport network supply model are as follows:
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1. a macroscopic model is considered for two different classes of privately

owned vehicles i.e. TVs and AVs. Initial OD demand is fixed and re-

mains stable.

2. AVs are further grouped into two categories, Level 1 to 2 in the first

group and Level 3 to 5 in the second group, particularly for reaction

times and deceleration rates.

3. a constant safety policy for AVs is considered for forming the platoon

of vehicles.

4. incremental trips generation is following the quantified penetration rate

while keeping the already present demand intact.

5. a stable regime network is considered with stationarity conditions for

the macroscopic fundamental relationships.

6. MFD is strictly concave holding only one maximum.

7. the network is considered to be congested with an assignment to the

network based on the stochastic user equilibrium (SUE) principle.

8. given already stored algorithms for path choice in AVs, the choice pro-

cesses are assumed to be deterministic; whereas for TVs path choice is

done via logit model with the least variance parameter.

9. no inter-period dynamics are considered, as steady-state conditions with

only one transport mode is deemed.

It must be noticed that in seventh assumption, the network considered is

congested however for the initial setup the network is always non-congested

or in other words they are sometimes referred to as network loading model.

It is intended to visualize the effects of increasing link loads instead of full

range demand-supply interaction at once. Later with a fully loaded network,



3.2. Private transport network supply model setup 39

the assignment is done based on stochastic user equilibrium approach. Now

to be clear about the question of path choice processes (path identification for

any generalized OD), the explanantion is given in Section 3.2.1.

It is to be noted that concerning the societal, economical, and user-demographical

characteristics, house maintenance and lodging costs are considered to be

fixed depending upon the number of residents on a condition of a single city

center having services of interest amassed in selected zones as in the case of

many European cities e.g. Genoa, Cagliari, Porto, Timisoara. Although MFD

is majorly dependent upon the road network topology, choices for route and

mode, and signal controls (Loder et al., 2019), we are considering here unin-

terrupted conditions with a network topology as a major factor.

3.2.1 Network Structure

In the context of the considered scenario under the abovementioned assump-

tions, the traffic network is represented by a synchronic graph of nodes N

and directed links L; G = {N, L}. Let P ∈ Z and Q ∈ Z be the set of origin

and the set of destinations, respectively, for the considered network where

Z is the set for all zones consisting of all the origin-destination pairs. All

the links are connected by a set of paths R for all origin-destination pairs.

Rpq ⊂ R is the subset of all the paths connecting origin p ∈ P to destination

q ∈ Q. Moreover, an incidence matrix I is set up with all probable or possi-

ble paths connecting any generalized origin-destination pair (pq). It should

not be confused with path choice probability functions which are followed to

choose a path to travel among the various alternatives. This matrix involves

all the paths (set of connected links and nodes in the network) with which a

user can travel between its origin and destination. Each link l ∈ L weighs

depending on flow-based travel cost cl( f lowl) where f lowl is link flow. De-

viation in the flows on all the links is affecting the travel cost of a generalized
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link. cl is assumed to be monotonically continuous and directly proportional

to f lowl. The parameters for possible paths search is dependent on the path

impedances which in turn are dependent upon the path volumes (the sum

of all the link volumes involved in the path). A parameter for the AVs-ready

infrastructure is used for defining the impedances of network links. This is

then used to search all the possible paths between an OD pair. A different

number of extra iterations in each search iteration is defined for the best pos-

sible paths. To avoid overlapping paths, a detour test is also executed which

defines that a new path is eliminated if the travel time is greater than 44% of

the travel time to an existing path and the entire impedance is greater than

that of an existing path.

As assumed, initial OD demand is fixed and remains stable denoted as

mpq, and distributed over the network following the SUE principle. Newly

generated trips/demand mn
pq follow the path choice process of the combina-

tion of logit and kirchoff model (more formaly known as Box-cox model)

among various destinations independent from the irrelevant alternatives.

This makes the attraction cost cq an increasing function i.e. cq = cj(mn
pq).with

the increment of flow under newly generated demand.

Parameters for the quantification are defined for routes set S, activities set

AC, age groups set AG and households set H. Keeping in view the proposed

enhancement for AVs, ceteris paribus, a quantification equation (QEAV) is

defined by aggregating various parameters from three classes: user demo-

graphics, road network, and land use, to generate seven indices. These in-

dices together result in the penetration rate (PRz) of AVs to be used in the

formulated model.



3.2. Private transport network supply model setup 41

Notations
DLPu,t Discounted land owner profit for the land u in time t with inflation i.
LRu,t Rent of the land u in a time t.
MCu,t Maintenance cost of the land u in a time t.
NORu,t Number of residents lived in land u over time t.
hs household size.
RLz The total length of roads in a zone z.
PSz The total population in the zone z.
Lr,prt Length of route r from the route set RS using a private vehicle .
etr,h total household income expenditure for transport in a month.
Ih Total household monthly income.
Bprt Binary index for private vehicle ownership. if a household owns a car

it is 1 otherwise 0
dct,h User discounted generalized cost for a time period t in each household

h from set H for inflation i.
αq,a Number of opportunities for activity a from set AC in destination zone

q from set Z.
βq Binary index. 1, If an opportunity to carry out an activity is available

in zone q or 0 otherwise.
NTRg,a Number of trips by the special group g from AG for an activity a from

AC
NTRtot,a Total number of trips by all population of the respective zone for an

activity a from AC
ATprt,r Average travel time on route r using private transport.
∆VKT5 Relative growth of vehicle kilometers travelled over 5 years.
∆GTI5 Relative growth of the total covered area by transportation infrastruc-

ture for over 5 years
ωNMS Weight for the provision of non-motorized streets such as car-free

zones and streets.
ωSF Weight for the number of services in the zone such as work, leisure,

education.
ωR Reliability factor

3.2.2 Quantification of AVs

The first research objective as defined earlier is to obtain a realistic value of

the penetration rate of AVs as an input to the private transport network anal-

ysis model. Depending upon land usage, socio-demographical, and road

network classes, indicators are grouped and seven different indices equa-

tions are skimmed. These indices relate to the adaptation of AVs in a system-

atic and quantitative perspective instead of including a random percentage

of these vehicles to identify the outcomes of introducing this new form of
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mobility to the urban transportation networks. Furthermore, this quantifi-

cation explains the diversity of the impacts and dependence of the usage of

AVs in the coming decades. Not only does it allow to indicate various influ-

ences of different urban sub-systems on the usage of AVs but also illustrates

the reverse impacts. This also realistically inputs the value of AVs into the

system while avoiding divergent solutions at the same time.

1. In terms of demographical indices, the economical prospect of land us-

age is of prime importance while choosing a residential location (Put-

man, 2013). A variance of landowner profit over a period keeping in

view the inflation reveals the extent of inequity in the vicinity type

(Szeto et al., 2015). This inequity is a consequence of the population’s

choice to reduce the time spent to get to work and daily utilities. As

(Wegener and Fürst, 2004) explains the slow relationship between land

usage and transportation activities which gives a proposition of loca-

tion choice near to the point of activities. This gives a proposition

of adaptation AVs to reduce the inequity by renting or buying at far-

ther places yet using time of commuting for productive tasks instead

of driving. We use the index from (Szeto et al., 2015) to compute the

landowner profit index (LIu,t) as in (3.1) normalized to attain a value

from 0 to 100. Where i is the inflation rate in a given period t and the

rest of the attributes are defined in Notations table.

LIu,t = ∑
u

DLPt

(1 + it)t−1 (3.1)

DLPu,t = LRu,t ·
NORu,t

hs
− MCu,t (3.2)

2. As (Janasz, 2017) states that higher population density does not guar-

antee a higher number of services, but higher services do guarantee

higher population density. This gives us the insight to evaluate the
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density of transportation links which can be depicted by an index of

transportation land usage (TI) as in3.3. Both land usage type and in-

frastructural provision are important for a new service to be welcomed

as the era of the pandemic taught us and we witnessed it in the case of

new electric micro-mobility provision. Also, (Litman, 2020) describes

private vehicle ownership as being dependent on the infrastructure

provider for a region as long as it remains sustainable which gives a

proposition of direct relation for adaptation of AVs. An index is de-

vised by taking a ratio of the weighted road link density to the weighted

population density for an area. Whereas the attributes of the index are

defined in Notations table.

TI =
1
|Z| ∑

z∈Z

RLz · ωNMS

PSz · 1
ωSF

(3.3)

3. Land coverage (LC) by transportation network infrastructure is also in-

dexed in terms of vehicle miles traveled throughout a certain period.

Indexed as in (Kaparias, Bell, and Tomassini, 2011), long-term adap-

tation times for land usage is a property that is also common for the

adaptation of AVs and them to be part of the traffic stream. The value

for this index from 3.4 is in the range from [-100 to 100]. Whereas the

attributes of the index are defined in Notations table.

LC =
∆VKT5

∆GTI5
(3.4)

4. Urban mobility index (UI) formulated by (Kaparias, Bell, and Tomassini,

2011) represents the mobility condition of users within an urban trans-

portation network by calculating travel time per kilometer. If a user is

experiencing less or more precisely affordable travel time per kilometer
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then the probability of adaptation of AVs is less and vice versa thus giv-

ing an indirect relation for the penetration rate. This index is upgraded

as in 3.5 by using the route reliability factor which is the percentage

of travel time not more than 10% higher than the average travel time

on a certain route. Also, the value of the travel time VOTT parameter

is induced in the index which signifies a potential loss of productive

hours for the commuter. The index calculated for a route r in route set

S. Whereas the ωprt is a binary operator having value of one if the trip

is being carried out with a privatly owned car. Morever, the attributes

of the index are defined in Notations table.

UI = ωprt ·
1
|S| · ∑

r∈S

ATprt,r · VOTT
Lprt,r · ωR

(3.5)

5. On the socio-economic side, (Nicolas, Pochet, and Poimboeuf, 2003)

presented an effective index considering household transportation ex-

penditure that is converted into household transportation budget in-

dex (HBIt) considering the inflation rate over a certain period. The

user generalized cost as in (Szeto et al., 2015) is used as an inclination

towards adaptation of AVs in case a household owns a private vehi-

cle controlled by a binary operator Bprt in determining the economic

expenditure state on transportation for a household as in (3.7). The

economic expenditure ratio EESh for a household h is the ratio of to-

tal household income expenditure for transport in a month to the total

household monthly income. Whereas the attributes of the index are

defined in Notations table.

EESh =
etr,h

Ih
(3.6)

HBIt =
1
|H| ∑

h∈H
EESh · Bprt

[
dct,h

(1 + it)t−1

]
(3.7)
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6. Social inclusion index (SIp) is explained in (Kaparias, Bell, and Tomassini,

2011) through an accessibility index on a spatial level for different ac-

tivities. Activities represent the opportunities to undergo a task for the

commuters of one zone concerning other zones. This index as in 3.9

is superimposed with trip propensity assumption PFp,q as in 3.8 from

(Putman, 2013) in form of skewed peak form with a gamma distribu-

tion, with dp,q is the distance between any OD pair (p, q). The differ-

ence of minimum and maximum factors can reveal vacant developable

space which in terms of (Wegener and Fürst, 2004) is a proposition for

adaptation of AVs as a result of equitable development of land as in

landowner profits inequity scenario. Whereas the attributes of the in-

dex are defined in Notations table.

PFp,q =
d−1.330

p,q

∑q d−1.330
p,q

(3.8)

SIp =
1

|AC| ∑
a∈AC

(
∑
q∈Z

βq · αq,a · PFp,q

)
(3.9)

7. Similarly, (Kaparias, Bell, and Tomassini, 2011) defined an opportunity

index (OI) at the social level for the special group of society (elderly,

disabled, etc.) to quantify their movement. A reformed index is gener-

ated as in (3.11) by creating weighted values concerning each age group

weight ωg where is the special group g from age groups set AG since

they rely on public transport systems having special allocations, de-

mand responsive transit, or a family member to drive them off. Quan-

tification of mobility of a special group is checked against the mobility

of all other users.

MSGg = ∑
a∈AC

NTRg,a

NTRtot,a
· ωa (3.10)
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Where MSGg is the mobility of a special group for all activities in AC

withe each activity a given a weight of importance in ωa. Furthermore,

the attributes of the index are defined in Notations table.

OI =
1

|AG| ∑
g∈AG

MSGg · ωg (3.11)

Conforming to our first objective, all seven indices are integrated under

all assumptions defined in Section 3.2. To obtain a quantification value

of the integrated index as in (3.12), The weights of each index in the

QEAV are defined by passing the indices through a regression analysis

over a choice of upgrading or buying a new vehicle. This willingness

of users affects the user class indicators thus deciding the weight for

each of them, particularly for the household transportation budget in-

dex. For instance, the data for each of the indicators included in the

above-mentioned seven indices are analysed for the time t against the

willingness of the stakeholders which in this case is the user to upgrade

or buy a new vehicle. This suggests the importance of each of the in-

dicators involved thus giving weightage to each of the seven defined

indices. The weights (ω1, ω2, ω3) given can be adjusted according to

the area or city of application of the formulated QEAV . Thus the cu-

mulative or aggregated value of the final index can be a maximum of

600. This value is analyzed against the penetration rate according to

Table 3.1 to be incorporated into the urban transportation network as

below following quantile approach as per (Frei, 2006). The method-

ology of (Frei, 2006) is simple yet very practical to be implemented in

indicator systems. In it, we made quantiles or groups of the penetration

rate with an interval of 5% increment from 0 to 100%. Similarly, making

intervals of the formulated QEAV remaining in the bound of maximum

value that is 600. Thus giving us 20 quantiles. The value of the for-

mulated index falls in one of the intervals consequently revealing the
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penetration rate of the AVs.

QEAV = LIu,t + TI + LC − UI + ω1HBIt + ω2SIp + ω3OI (3.12)

TABLE 3.1: Quantiles approach

QEAV PRz (%) QEAV PRz (%) QEAV PRz (%) QEAV PRz (%)
0 - 30 5 151 - 180 30 301 - 330 55 451 - 480 80

31 - 60 10 181 - 210 35 331 - 360 60 481 - 510 85
61 - 90 15 211 - 240 40 361 - 390 65 511 - 540 90
91 - 120 20 241 - 270 45 391 - 420 70 541 - 570 95
121 - 150 25 271 - 300 50 421 - 450 75 571 - 600 100

3.2.3 Transport supply model

Moving onwards to the second objective of this research, macroscopic fun-

damental relationships are formulated for the heterogeneous traffic stream.

Following the assumptions defined in Section 3.2, the fundamental relation-

ship is determined by calculating the inter-vehicle spacing of heterogeneous

traffic streams. The inter-vehicle spacing as in (Di Febbraro and Sacco, 2016)

is evaluated as a weighted sum of the spacing of TVs and AVs as follows:

SPmix = PRz · SPAV + (1 − PRz) · SPTV (3.13)

where SPAV = v · trec,AV +
v2

2 ad,AV
+ l (3.14)

SPTV = v · trec,TV +
v2

2 ad,TV
+ l (3.15)

Where SPmix, SPAV , SPTV , trt,AV , and trt,TV are spacing of heterogeneous

traffic stream, spacing in case of only AVs, spacing in case of only TVs, reac-

tion time in the case of AVs and TVs respectively. ad,AV and ad,TV is the min-

imum guaranteed deceleration rate in case of emergency for AVs and TVs

respectively. v is the average vehicle velocity and l is the vehicle length. The

governing parameters here i.e. the reaction time (a combination of human
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reaction time to hurdle and brake actuation time) and deceleration rate are

computed as in (Maximcsuk, Lu, and Tettamanti, 2019)and (Transportation

and Administration, 2022). Since AVs are further divided into two groups as

per our assumptions in Section 3.2, two reaction times for both of the classes

are calculated. Thus AV1 and AV2 have different reaction times.

Moreover, aggregated reaction time for AVs is based on the dynamic weighted

average dwavg where weights are based on the concentration of the two sub-

classes in the total amount of AVs. Calculation of the reaction time for two

sub-classes of AVs is based on detailed propositions from (Litman, 2021b).

For the first ten-year periods of the futuristic scenario of the heterogeneous

traffic stream, AVs of Level 1-2 AV1 are given the weight of 0.9 and for Level

levels 3-5 AV2 the weight is 0.1. For the next 5 years of the futuristic scenario,

the AVs of Level 1-2 AV1 are given the weight of 0.8 whereas Level levels 3-5

AV2 class of AVs is given the weight of 0.2. The weights are represented by

α1 and α2 for AV1 and AV2 classes as shown below. Following (Transporta-

tion and Administration, 2022) the brake actuation time is kept constant i.e.

0.35 sec considering the latest vehicle technology irrespective of automation,

whereas, human reaction time to hurdle varies. The time to hurdle is the

highest i.e. 0.65 sec for non-automated (traditional) vehicles and zero for the

fully automated ones taking into account the constant safety policy in case of

a brick-wall stopping.

trt,AV = brake actuation time + human reaction time (3.16)

trt,AV = dwavg =
α1 · trt,AV1 + α2 · trt,AV2

,
α1 + α2 (3.17)

On integrating the quantified penetration rate of AVs PRz into the inter-

vehicle spacing relationship following the reaction time evaluation criteria

mentioned above, macroscopic fundamental relationships can be defined for
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the heterogeneous stream of traffic. Given the conventional inverse relation-

ship of density of traffic stream with inter-vehicle spacing, the density of

heterogeneous traffic stream dmix involving AVs is formulated as a function

of velocity and penetration rate according to the spacing as in 3.18.

dmix(PRz, vmix) =
1

PRz·
(

vmix·trt,AV+
v2

mix
2 ad,AV

+l
)
+

(1−PRz)·
(

vmix·trt,TV+
v2

mix
2 ad,TV

+l
)

(3.18)

Consequently, the flow as a function of the average velocity and the quan-

tified penetration rate of AVs in the heterogeneous stream is presented in

3.19.

f lowmix(PRz, vmix) =
vmix

PRz·
(

vmix·trt,AV+
v2

mix
2 ad,AV

+l
)
+

(1−PRz)·
(

vmix·trt,TV+
v2

mix
2 ad,TV

+l
)

(3.19)

3.2.4 Travel time and flow relationship

Following the formulation of macroscopic fundamental relationships for ca-

pacity, the next phase is to pass this capacity to define the flow-dependent

travel time ttr function by incorporating the physical and functional param-

eters of the urban road network. Three different scenarios have been used to

determine the travel-time flow relationship for an urban road link. Firstly the

upgraded BPR function from (Cascetta, 2009) is used as in 3.20 which defines

the link with a physical median so independent of the effects on the flow of

the opposite direction in the traffic stream, then 3.21 (Cascetta, 2009) gives

the travel-time flow relationship with an impact of opposite direction flows,

and lastly the major function in 3.22 (Carteni and Punzo, 2007) which gives

the travel time as a function of the flow of the heterogeneous traffic stream

and the physical characteristics of the urban road link.
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ttr1( f lowmix) =
Lx

vo
+ γ1

(Lx

vc
− Lx

vo

)
·
( f lowmix

Qx

)γ2
(3.20)

ttr2( f lowmix, f lowmixo) =
Lx

vo
+ γ1

(Lx

vc
− Lx

vo

)
·
( f lowmix + f lowmixo

Qo
mix

)γ2

(3.21)

ttr3( f lowmix) =
Lx

29.9+3.59Wx−0.58Sx−13.86Torx−10.8Disx−6.38Pox+

4.73Pvx+

−1.05
( qn

Wx

)2

1 + Torx + Pox + Disx

(3.22)

In 3.20 and 3.21, Lx, Qx, vo, vc are the length of the link, the capacity of

the link, free-flow speed and critical speed for the urban road link x; γ1 and

γ2 are the model parameters. It must be noticed that the variation of behav-

ior between the human-driven vehicle and autonomous vehicle, calibrated

γ1 and γ2 parameters are used for AVs following (Qiu et al., 2022). In 3.21,

f lowo
mix and Qo

mix represent the flow in opposite direction and overall capac-

ity respectively. Consideration of opposite direction flow is important to be

as realistic in defining the travel-time relationships as possible. As in the case

of many European cities, the urban road links are influenced by the opposite

direction flow due to non-median separation between the two directions. In

3.22, Wx is the useful road link width; Sx is the non-negative slope of the

link; Torx is the tortuosity of the link; Disx is the disturbance to traffic from

external factors like pedestrian crossings, irregular parking, and side entries;

Pox is the percentage of links occupied by parking; Pvx is a pavement type

variable. The function from (Carteni and Punzo, 2007) is modified by mul-

tiplying the flow by the percentage increase in capacity from the speed-flow

relationship in 3.19 and defined as qn. Overall, these travel-time relationships
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are dependent on the flow of heterogeneous traffic streams which is in turn

dependent upon the quantified penetration rate.

AVs are modelled in PTV Visum (a macroscopic travel deman modeling

software) to create a heterogenous traffic scenario and use the resulting data

for optimization purposes. Things to take into account while modelling a het-

erogenous stream of vehicles in Visum are AVs-ready infrastructure, driving

behaviour selection (normal, vigilant, aggressive) according to road category,

and penetration rates. With a fixed initial demand according to the assump-

tions in Section 3.2, AVs are introduced into the network using the scenario

management capability of Visum. The number of scenarios was equal to the

quantified penetration rate calculated in Section 3.2.2 with each scenario con-

sisting of 10 iterations in terms of modifications. So each scenario gives an in-

crement of 1% of AVs in the network to assign the demand over the network

following the algorithm defined in Section 3.2.5. In the AVs scenario, 50% of

the network links are provided with an AVs-ready infrastructure modelled

in scenario modifications. The characteristics of the links are updated by in-

troducing user-defined attributes in the volume-delay (VD) function. The

VD function is updated with user-defined attributes of reaction times, de-

celeration rate, and free flow speed for AVs using the methodology of our

previous work (Bilal and Giglio, 2022). Also, the user-defined attributes for

modelling heterogeneous traffic streams on the AV-ready links are based on

the type of follower-leader vehicle. At the end of each assignment period,

the flow-dependent link costs and zonal attraction costs are calculated given

the constraint set up at a lower level. This is then passed on to the Genetic

algorithm at the upper level of the model to maximise the traffic flow remain-

ing into the inequity bounds. The algorithm goes on until the equilibrium is

reached between volume and costs revealing the inequity values for the op-

timal solution at each introduced upper bound of inequity.
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3.2.5 Covex minimization inequity problem (Lower level op-

timization problem)

Once the impacts on transportation network performance are evaluated, the

quantified penetration rate is utilized to analyze the inequity in travel equi-

librium costs on the inclusion of AVs. The increased trip generation on the

introduction of AVs certainly shifts the equilibrium of travel costs so in the

following section a methodology is devised to assess that inequity.

As defined in Section 3.2.1, link travel equilibrium cost cl( f lowl) is depen-

dent on the flow of that link. Following the ETDA-VDC approach (Oppen-

heim, 1995), this cost function is differentiable concerning flow f lowl conse-

quently leading to defining the convex minimization transportation problem.

The constraints for the lower level of the optimization model i.e. convex min-

imization problem are defined by following the approach of (Bilal and Giglio,

2021). The lower level minimization function as in 3.23 comprises three parts;

flow-dependent travel link cost, zonal trip attraction cost and path choice

function based on logit parameter ρ involves in the assignment procedure.

The cumulative flow over the network is constrained in 3.24, which is the

cumulative sum of the existing path flows from the previous iteration plus

the newly generated path flows of the current iteration for all the OD pairs

p, q true for all the paths r connecting them. δlr is a binary operator whose

value is 0 if the link l is not included in path r for an OD pair p, q, otherwise

1 if the link is included in the path. Not only this but the existing path flows

f lowexis,r and newly generated path flows f lown,r are also constrained as in

3.25 and 3.26 respectively. For any OD pair p, q and path r ∈ Rpq the exist-

ing path flows f lowexis,r should be equal to the existing demand mpq so as

the newly generated path flows f lown,r should be equal to the newly gener-

ated demand mn
pq. As the newly generated demand mn

pq from the inclusion of

AVs into the system is quantified; it is constrained in 3.27 by the penetration
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rate of AVs i.e. PRz. The boundary conditions for existing path flows, newly

generated path flows and newly generated demand made sure that the net-

work remains under stable state conditions. By defining the lower level of

the optimization model it is possible to distribute demand matrix X on the

transportation network keeping in view the assumptions of Section 3.2. After

distributing the initial demand over the network following the SUE principle

based on zonal attraction costs cq(mn
pq), the assignment algorithm reveals the

link travel costs for the user choices. So, this part of the model is responsible

for assigning the trips over the network while keeping the travel equilibrium

cost to a minimum.

min
f low,m

TC( f low, m) = ∑
l∈L

∫ f lowl

0
cl(x)dx +

1
ρ ∑

(p,q)
p∈P,q∈Q

mn
pq(ln mn

pq − 1)+

∑
q∈Q

∫ ∑p∈P(mpq+mn
pq)

0
cq(x)dx (3.23)

subject to:

(Cumulative Network flow constraint) f lowl = ∑
(p,q)

p∈P,q∈Q[
∑

r∈Rpq

( f lowr + f lowexis,r)δlr

]
,

∀l ∈ L (3.24)

(Existing path flows constraint) ∑
r∈Rpq

f lowexis,r = mpq,

∀p ∈ P, ∀q ∈ Q (3.25)
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(New path flows constraint) ∑
r∈Rpq

f lown,r = mn
pq,

∀p ∈ P, ∀q ∈ Q (3.26)

(New demand constraint) ∑
q∈Q

mn
pq = PRz,

∀z ∈ Z, p ≡ z (3.27)

Boundary conditions :

(New path flow boundary) f lown,r ≥ 0,

∀r ∈ Rpq, ∀p ∈ P, ∀q ∈ Q (3.28)

(Existing path flow boundary) f lowexis,r ≥ 0,

∀r ∈ Rpq, ∀p ∈ P, ∀q ∈ Q (3.29)

(New demand boundary) 0 ≤ mn
pq ≤ PRz,

∀p ∈ P, ∀q ∈ Q (3.30)

Frank Wolfe assignment algorithm

As explained in the previous section, the lower-level convex minimization

problem functions to assign the demand on the network while keeping the

link travel equilibrium cost to a minimum. The assignment procedure fol-

lows a stochastic user equilibrium approach in which path choices for AVs

are considered to be deterministic whereas for the TVs a general constrained
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distribution logit model is followed with logit parameter ρ = −0.03. Fol-

lowing the incidence matrix I, for each path connecting an OD pair p, q the

link cost vector is calculated and passed to the minimization function. For

this purpose, an updated convex combination algorithm i.e. the Method of

Successive Averages – Frank Wolfe (MSA-FWA) algorithm, is used. At each

iteration, the link flows are calculated based on the generalized link cost func-

tion following the Taylor polynomial of first order yielding recursive equa-

tions thus giving the new link costs. Consequently updating the path choice

probabilities at each iteration. the convergence to the solution is checked

with a gap threshold of 0.001. According to the assumptions, the considered

network is non-congested initially but as the iterations go on link cost and

flows become mutually dependent. So, the assignment to the network is per-

formed to obtain mutually consistent link costs and flows. Flow-dependent

link costs are defined as in 3.31. Also, attraction costs are defined as in 3.32.

cl = c( f lowl(Q
p
l , ψ)) (3.31)

cq = c(mn
pq, Cp) (3.32)

Here Qp
l is the capacity of link l and ψ is the vector of the link’s physical

and functional characteristics. Moreover, in attraction cost cq for any desti-

nation q ∈ Q, Cp is the maximum parking capacity of the attraction zone.

3.2.6 Bi-level optimization model (Upper level optimization

problem)

In this section, a bi-level optimization model is formulated specifically defin-

ing the upper-level problem for it. Concerning the objective of assessing the

inequity, we are clear that two agents are trying to optimize at the same time;
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first the link travel cost minimization in the lower-level of bi-model and sec-

ond the maximization of the newly generated demand bounded by inequity

thresholds and quantified penetration rate at the upper level. So, a multi-

objective function serves the purpose.

As defined earlier, user equilibrium is reliant on two things the minimiza-

tion of the total link costs based on the distribution and assignment of trips

following MSA-FWA and the maximization of the newly generated trips af-

ter introducing AVs into the system among various attraction zones. The sce-

nario for attaining two objectives simultaneously and mutually at the same

time is ideal for the bi-level optimization model. In the lower-level convex

minimization problem, the distribution of trips over the network is depen-

dent on mn
p,q as in 3.27 which in turn is dependent on the quantified pene-

tration rate PRz. Also, mn
p,q is a decision variable of the upper level of the

model which is maximizing this Mn
z . Moreover, the distribution at the lower

level is also serving as an input for inequity threshold constraint giving us

Stackelberg Nash equilibrium condition (Liu, 1998). At the upper level, the

maximization of newly generated trips is constrained by network physical

characteristics, attraction zone, and essential inequity thresholds. The picto-

rial visualization of Bi-level optimization model is given in 3.1.

In the upper level of the bi-level model, the objective function is the maxi-

mization of total newly generated trips TG which is a function of total growth

vector Mn
z . The function in 3.33 is weighted by ωz which is the weight of

opportunities in a zone z i.e. if a zone has fewer service opportunities the

weight will be higher showing that the generation of trips to other zones

will be higher and vice versa. The weights are adjusted to shift the system

towards equilibrium with the proposed development in line with the maxi-

mum potential of development keeping the constraints defined active. As in

3.34, the lower and upper threshold of inequity is shown by θU and θL val-

ues respectively, Mn
z = (M1, M2, . . . , M|Z|) is the vector of the total growth
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FIGURE 3.1: Bi-level optimization model

of trips (newly generated demand) on introducing AVs into the transporta-

tion network bounded by the quantified penetration rate for all the zones.

TCn
pq(Mn

z ) shows the user equilibrium travel cost supplied by the lower level

of the model. This cost serves as an implicit function of the vector of newly

generated demand Mn
z between OD pairs (p, q). 3.35 depicts that the flow

on any generalized link f lowl must not be greater than the link’s capacity Qp
l

providing sufficiency to the assumption of the non-congested network. Also

in 3.37, the total number of trips generated from all the zones for all destina-

tions ∑q∈Q mn
pq, must be less than or equal to the maximum allowed growth

for that zone mn,max
z . Similarly, 3.38 shows that the amount of newly gener-

ated demand attracted by each zone from all the origin zones ∑p∈P mn
pq must

not b greater than the maximum attraction potential mn,max
q . This attraction

potential should be less than or equal to the parking space of the attraction

zone Cq as in 3.39. Link constraints in 3.35 and 3.36 control the convergence

of solutions for the formulated problem.
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max TG(M) = ∑
z∈Z

ωz Mz (3.33)

subject to:

(Inequity thresholds constraint) θL ≤
TCn

pq(M)

TCpq
≤ θU,

∀p ∈ P, ∀q ∈ Q (3.34)

(Link capacity constraint) f lowl(M) ≤ Qp
l , ∀l ∈ L (3.35)

(Link occupancy constraint)
PCEl(g)

Qp
l

≤ 1, ∀l ∈ L (3.36)

(Trip generation constraint) ∑
q∈Q

mn
pq(PRz) ≤ mn,max

z − mcur
z ,

∀z ∈ Z, p ≡ z (3.37)

(Trip attraction constraint) ∑
p∈P

mn
pq(PRz) ≤ mn,max

q − mq,

∀q ∈ Q

(3.38)

(Attraction zone parking space constraint) mn
q ≤ Cq, ∀q ∈ Q (3.39)

Boundary conditions :

mn
pq ≥ 0, ∀p ∈ P, ∀q ∈ Q (3.40)
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mmax
z = ∑

q∈Q
mn

pq, mcur
z = ∑

q∈Q
mpq, ∀z ∈ Z, p ≡ z (3.41)

mn
q = ∑

p∈P
mn

pq, mq = ∑
p∈P

mpq, ∀q ∈ Q (3.42)

Here the point to ponder is that the constraints of link capacity, link oc-

cupancy, and attraction zone can be introduced both in the lower and up-

per levels of the problem. Nevertheless, the reason for introducing them

to the upper level along with the inequity threshold is their behavioral re-

sults. They are introduced into the upper level of the model to avoid any

divergence from the solution. Since we mentioned that the upper level of

the model is acting as a decision-maker for the lower level, the latter itself is

acting as a major constraint for the prior (Lee, Wu, and Meng, 2006). To solve

the bi-level optimization model, a Genetic algorithm is used as explained in

the next section. To summarise, the overall multi-objective fitness function of

the model is given by (3.43)

FT(s) = ∑
z∈Z

Mz −L
[

max
(p,q)p∈P,q∈Q

{
0, θL −

TCn
p,q(M)

TCp,q
,

TCn
p,q(M)

TCp,q
− θU

}
+ max

l∈L

{
0, f lowl˘Q

p
l

}
+ max

l∈L

{
0,

PCEl

Qp
l

− 1
}
+

max
z∈Z
p≡z

{
0, ∑

q∈Q
mn

p,q − mmax
z + mcur

z

}
+ max

q∈Q

{
0, ∑

p∈P
mn

p,q − mn,max
q + mq

}
+

max
q∈Q

{
0, mn

q − Cq

}]
(3.43)

Genetic algorithm

To solve the formulated bi-level optimization model which is innately non-

convex, the genetic algorithm approach is followed. Since two agents are

trying to obtain the indirect global optimums; minimized equilibrium costs

at the lower level of the problem and maximized newly generated trips at
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the upper level; the genetic algorithm is ideal for obtaining the solution con-

sidering that link flows are nonconvex and continuous but they are non-

differentiable function concerning the newly generated trips. In a nutshell,

the decision variable for the upper-level problem; the vector of newly gen-

erated trip growth is coded as finite strings and for each string, the fitness is

calculated by solving the lower-level problem. The process goes on until the

optimal string is found under defined constraints and boundary conditions

for both upper and lower-level problems.

The algorithm starts with random initial solutions as a population set for

all the zones in the network. This population set consists of decision vari-

ables that are the maximum newly generated trips vector M comprising of

mn
p,q values for each OD pair within a range of quantified penetration rate

P = [mmin
z , mmax

z ]. This initial set Mn
z = (M1, M2, . . . , M|Z|) is encoded in

the form of binary strings to form a set of initial chromosomes. For encod-

ing, we followed (Bilal and Giglio, 2021). Here the set of chromosomes is

called a population. Following that random chromosomes are picked equal

to the number of zones in the traffic network for mating and decoded using

binary bit conversion to decimal technique. These decoded chromosomes are

passed to the lower-level problem to obtain the fitness value from the fitness

function. At the lower level, a sub-algorithm is implied to distribute and as-

sign the demand on the network following the SUE principal as described

in sub-section 3.2.5. After evaluating the fitness of the current population,

the genetic algorithm applies three operators to generate new chromosomes

from the existing mating ones. These new chromosomes are called offspring

which replace the chromosomes they are made from. These operators are

called selection, crossover, and mutation. This process is a single generation

of genetic algorithms. After generating a new population the process repeats

until the optimum set of the population is discovered. This whole procedure

is described in the Algorithm. It should be noted that in the fitness function
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Algorithm
STEP 1 Initialization.

1.1 In initialization, encode the random population set for the decision variable
of the upper-level problem (M1, M2, . . . , M|Z|) in the form of finite binary
(0, 1) strings representing chromosomes for the first population set. For
mating (assigning values of a number of trips for each zone) in initial itera-
tion (Gx, x = 1), pick the chromosomes equal to the number of zones in the
network.

STEP 2 Using the technique mentioned above, decode the chromosomes in Gx to
real numbers and pass it to the lower-level problem.
STEP 3 Evaluate the fitness function by solving the lower-level problem.

3.1 Determine the shortest path for all OD pairs (p, q).

3.2 Calculate the link flows for the network for all OD pairs based on the piece-
wise optimal step size distributing all present demands.

3.3 Linearize the generalized link cost function and find the new solution fol-
lowing the procedure as explained in sub-section 3.2.5.

3.4 If no convergence is reached go to Step 3.2 otherwise Step 4.

STEP 4 After obtaining the solution set for the fitness values, using the roulette
wheel-based method eliminates the least probable solution from the solution set
and keeps the solution with the highest probability, and reproduces the popula-
tion set Gx.
STEP 5 Perform the crossover operation on the reproduced population set by
giving a crossover probability of 0.5 (Bilal and Giglio, 2021) on the encoded pop-
ulation set. Replace the column entries of one chromosome with others yielding
new offspring.
STEP 6 Perform the mutation operation after the crossover operation on the re-
produced population set by selecting a random chromosome from the set based
on mutation probability equal to 1

population size as per (Bilal and Giglio, 2021) and
(Carroll et al., 1996). Replace the gene values from 1 to 0 and vice versa to gener-
ate new offspring revealing a new population set (Gx, x = x + 1).
STEP 7 If the maximum number of generations for the genetic algorithm is
reached the population set with the highest value of fitness results as an opti-
mal solution otherwise go to Step 2.

in 3.43 a penalty function L is introduced to cater to the infeasibility of the

solution set.
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Numerical example of inequity calculation

In this sub-section, we try to illustrate the methodology of inequity evalua-

tion with a simple numerical example. Let us consider the following simple

network as seen in 3.2 having two origin zones 1 and 2 and one destination

zone 4. Such that our OD pairs are 1 to 4 and 2 to 4. The demand from zone

1 is 400 and that from zone 2 is 600.

FIGURE 3.2: Example network

Let’s assume that from the three indicator classes, the quantification of

penetration rate is carried out and comes out to be 20% of AVs on the net-

work. Only links 1, 2 and 3 are with AVs ready infrastructure. For the OD

pair 1 to 4 only one possible path is identified whereas for the OD 2 to 4

two different paths are possible. Following the stochastic equilibrium ap-

proach, after the network is loaded with demand and reaches equilibrium:

the flow-dependent link costs are accumulated to give path costs according

to equation (3.31) as follows:

R1,4 = 44.605 (3.44)

R2,4 = 57.135 (3.45)

On the introduction of AVs into the network, the new demand from the
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two zones becomes: from zone 1 is 480 and from zone 2 is 720. Once a het-

erogeneous traffic stream is formed. It is again assigned to the network to

analyse the change in travel cost equilibrium. Once SUE has reached the

new path costs are as follows:

Rn
1,4 = 88.809 (3.46)

Rn
2,4 = 70.2197 (3.47)

The corresponding ratios of OD travel path costs reveal the situation before

and after the introduction of AVs and the impact it has on both zones.

Rn
1,4

R1,4
= 1.991 (3.48)

Rn
2,4

R2,4
= 1.23 (3.49)

It shows that the impact of AVs deployment has more impact on travellers

from zone 1 with increased path costs as compared to those from zone 2.

This means that zone 1 commuters are not attaining any positive outcome

but rather facing negative implications as shown by the inequity ratio. Here

we need to understand and estimate through optimizing the situation how

much of these new forms of vehicles can these zones accommodate without

creating any negative impact on the rest of the network users.

3.3 Public transport network vulnerability

After an extensive review of the existing literature, it revealed that a sig-

nificant contribution is made to the assessment of public transport vulner-

ability (Cats and Jenelius, 2012; Mouronte-López, 2021; Berche et al., 2009;

Albacete et al., 2017; He, Guo, and Xu, 2019; Cats and Jenelius, 2014; Chen
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et al., 2007; Lu and Lin, 2019). Yet, no evidence was found in evaluating

the vulnerabilities of a micro-mobility integrated public transport system

apart from accessibility and conceptual analysis (Hamidi, Camporeale, and

Caggiani, 2019; Zuo et al., 2020; Geurs, La Paix, and Van Weperen, 2016;

Sagaris, Tiznado-Aitken, and Steiniger, 2017). This propels us to devise a

methodology traversing through the definition of the network structure, set-

ting off public transport and a shared micro-mobility model involving a data

fusion method and mathematical construct of network vulnerability charac-

teristics. The proposed methodology assumes that:

1. Departure rates of commuters are inelastic concerning the change in

travel times.

2. The number of commuters is elastic representing day-to-day dynamics

whereas their arrival at the stop points is modeled as Poisson random

process.

3. Choice behavior of commuters is pre-trip/Enroute choice mixed based

on the prior knowledge of transit timetables and headways while no

knowledge about network conditions for the considered high-frequency

urban transit system.

4. The disruptions occur in an emergency and commuters cannot change

their origin or destination but the choice of mode and route. Moreover,

no replacement service is provided by the operators.

5. Commuters have full flexibility in returning the rented bicycle to any

of the docking stations.

3.3.1 Network structure

The public transport network structure is defined by a line-based graph GP(N, L)

with underlying nodes set NS and links set LS skeleton. N represents the
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stop areas for public transport whereas, L shows the direct connection be-

tween any two stops traversed by public transport lines. Also, each link l ∈ L

can be used by several public transport lines where a line p from the public

transport lines set P is defined by a continuous sequence of stops between an

origin and destination terminals. Such that a line is p = (np1, np2, . . . np|P|)

where np1 and np|P| showing the first and last stops of the line p depicting

the origin ”o” and destination ”d” terminals respectively. The subset of stop

areas set N consisting of all origins and destination terminals is defined by

Nter ⊆ N. All the lines for which the origin and destination terminal is in Nter

are represented by a set POD which also is a subset of lines set P. By analogy

each link belongs to a line i.e. l ∈ p, consequently consisting of a stop area

pair l = (np1, np2). Moreover, each stop and link belongs to a set of lines Pl

and Pn respectively i.e. (l ∈ p∀p ∈ P) and (n ∈ p∀p ∈ P).

As depicted in (Bilal, Sarwar, and Giglio, 2021), each link in a public trans-

port network is associated with a post-run time which is the time to traverse

the link on a specific mode from the predecessor to the successor stop. This

run time depends upon the type of public transport mode, time of day, char-

acteristics of the road network, and traffic conditions. Similarly, each stop

is also linked with a time when a public transport vehicle stops and com-

muters board and alight the vehicle known as dwell time. Precisely, dwell

time starts from the opening of vehicle doors till they are closed. This also

depends on the type of vehicle, number of dedicated entrances, time of day,

and the number of commuters. For any link l at any time of day t the post-

run time is defined by TRl(t) and for any stop n, line p, and any time of day

t the dwell time is defined by TDn,p(t).
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3.3.2 Multi-modal public transport model setup

A multi-modal public transport model is set up with a detailed time-table-

based assignment for evaluating the interactions of supply and demand.

Consequently, revealing the vulnerabilities in the network and impacts on

micro-mobility integration as shown in 3.3. Public transport service is de-

fined in terms of lines, line routes, and vehicle journeys with dynamic head-

ways based on the time of day. Each vehicle journey for a certain line makes

up a timetable which is a sequence of vehicle trips controlling its operation

as well as performance evaluation. Apart from headway, successive vehi-

cle journeys are a function of departure and arrival times according to the

timetable thus giving a stochastic function since dependent upon the end of

the previous trip.

FIGURE 3.3: Framework for multi-modal transit network

For any line p, the set of departures of vehicle journeys in any time inter-

val (t, t + 1) is represented as Fp(t, t + 1). The departure time dep f
n,p for any

trip f ∈ Fp using any line p at a particular stop n is a function of post-run time

between the current stop n and previous stop n − 1 together with the dwell
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time at stop n − 1 as shown in 3.50. Here, the post-run time TR f
p,(n,n−1) in-

cludes the congestion impedance parameter ζ incorporating the traffic state

of the link. Similarly, the dwell time TD f
p,(n,n−1) since dependent on the num-

ber of alighting and boarding commuters is also stochastic. Moreover, a stop-

blocking parameter ω is incorporated into the function. The number of com-

muters using the public transit network is modeled as stochastic showing

daily variations and inelastic according to the assumptions. This demand

is connected to the underlying transport network via a subset of stops N in-

cluding all origin and destination pairs as NOD. Whereas the number of com-

muters for any time interval (t, t + 1) for any origin and destination (OD) is

represented as TOD(t, t+ 1). As the line follows a path of a sequence of stops,

similarly, a commuter path in the form of traversed stops is represented as

rOD = (nr,1, nr,2, . . . , nr,|R|) for any OD pair. All paths of the commuters are

represented by a path set Rab for any origin a and destination b.

dep f
n,p = (TR f

p,(n,n−1) ∗ ζ) + (TD f
p,(n,n−1) ∗ ω) (3.50)

As per the above-mentioned assumptions in Section 3.3, the choice of a

path by a given commuter is based on Pre-trip / Enroute mixed choice be-

havior as in (Bilal, Sarwar, and Giglio, 2021) and demand is assigned to the

network via timetable-based assignment considering the precise departure

and arrival times of all available lines. This choice varies considering the

time of day, the lines available, and the purpose of the trip. Assignment of

demand to the network consists of two parts; first the search of all possi-

ble/convenient paths for any OD pair based on the Branch & Bound method

and second the choice of path based on commuter utility and perceived jour-

ney time. For an OD pair ab, all the good paths are branched based on the

quality of a path QP fab
r as in 3.51 for any trip f ∈ Fp and path r without in-

volving fare parameters for simplicity. Here, N fab
tr,r is the number of transfers
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included in path r factorized by a transfer penalty parameter γ. Also, δ
fab
r is

the reliability parameter as used and detailed in (Bilal, Sarwar, and Giglio,

2021).

QP fab
r =

nb

∑
n=na

dep fab
n + (γ ∗ N fab

tr,r) + δ
fab
r (3.51)

Based on the quality of all the paths branched for an OD pair, the less

favorable paths are eliminated. Apart from the quality, paths are compared

for elimination based on the time interval of the trip, discomfort, and wait

time in case of missed line. The maximum number of transfers allowed for

branching and bounding is kept to 3. After the branching of favorable paths,

the demand is assigned based on the probability of choice for all path alter-

natives between an OD pair. The probability of choice of a certain path out

of all the present alternatives depends on perceived journey time and tempo-

ral utility. Perceived journey time involves the path length dr, post-run time

factorized by a mode type parameter µm, a factor of slopes and bends on the

path σr, a factor of actual stops on the path h
′
p, and transfer walk time TWp

as seen in 3.52. For simplicity, the origin wait time is assumed to be half of

the mean headway for a line p ∈ P.

PJTr = dr + σr + ∑
p∈P

[
(µm ∗ TRp) +

h
′
p

hp
+ TWp

]
(3.52)

The demand between an OD pair consists of commuters which are dis-

tributed among various alternatives. Given our assumptions each commuter

chooses the paths based on pre-trip / Enroute choice mixed behavior, so with

evolving network conditions the PJT-dependent probability of path choice

changes consequently the decision of the commuter to traverse a certain path

r ∈ Rab between the origin a and any destination b. The decision of path

choice out of all the alternatives is based on three components i.e. diversion,
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alighting, and boarding at a particular transfer stop. These decisions repre-

sent the subsets of original path sets and are known as hyperpaths sets Y

which is a subset of paths set R. The restriction of the initial path alternatives

to the subsets is based on the decision components that are detailed in (Bilal,

Sarwar, and Giglio, 2021). The probability of choice of the path then depends

upon the path utility UTt
r which is a function of perceived journey time as

in 3.53 following the Box-cox model. This distribution principle is based on

box-cox transformation. The transformation parameter φ is set to 0.5 and

the beta parameter β to 1. The preference for using the Box-cox distribution

model is that it not only takes the decision based on PJT-based impedances

but also incorporates the impedance ratios thus generating a realistic distri-

bution.

UTt
r = f ((b(φ) ∗ PJTr), t) (3.53)

Hence the choice probability Pru(r) of a commuter u to choose an alter-

native path r ∈ Y is given by 3.54.

Pru(r) =
e−β·UTt

r

∑r1∈Y e−β·UTt
r

(3.54)

This choice probability function is upgraded to accommodate the inter-

action between various branched alternatives to present more realistic re-

sults. To model the impact of other alternative paths r1 on a path r(r, r1 ∈

Y&Y ⊆ R) an independence factor ρ(r, r1) as in 3.57 is used in (Cascetta,

2009) which involves temporal proximity tp(r, r1) of the two alternative paths

as in 3.55 and perceived journey time advantage advPJT(r, r1) as in 3.56. Here

maxtp(r, r1) is the maximum temporal difference for a commuter u in which

the path r1 can affect r. α is the control constant for the absolute effect of

the second part of the independence factor. ε(r, r1) is the maximum temporal

advantage or disadvantage according to the evaluated PJT for various path
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alternatives.

tp(r, r1) =
| depr1 − depr | + | arrr1 − arrr |

2
(3.55)

advPJT(r, r1) = PJTr1 − PJTr (3.56)

ρ(r, r1) =

(
1 −

tp(r, r1)

maxtp(r, r1)

)
∗
(

1 − α ∗ min
{

1,
advPJT(r, r1)

ε(r, r1)

})
(3.57)

Where;

ε =


ε+∀ advPJT(r, r1) ≥ 0

ε−∀ advPJT(r, r1) < 0
(3.58)

The range of ρ(r, r1) is [0, 1] showing no impact of an alternative path to

a completely overlapping path. This independence factor yields an indepen-

dence function as seen in 3.59. Thus the upgraded probability function can

be represented as in 3.60.

IFr =
1

1 + ∑|Y|
r1∈Y,r1 ̸=r ρ(r, r1)

(3.59)

Pru(r) =
e−β·UTt

r1 ∗ IFr

∑r1∈Y e−β·UTt
r1 ∗ IFr

(3.60)

This linear reliance on the independence function confirms that m concur-

rent, identical but overlapping alternatives are treated as a single connection.

According to the definition of IFr, the independence of each of such m alter-

natives is precise 1
m (if no other connections with temporal proximity have

an effect).
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3.3.3 Shared micro-mobility supply model setup

A docking station-based shared bicycle system is modeled beside the public

transport network. All the docking stations have a fixed number of docking

places as well as the number of vehicles depending upon the time of day and

place. The station is linked to the underlying public transport network via

an access node which can be a transit stop and vice versa. The set of dock-

ing stations is represented as dS which is a subset of the nodes set NS thus

dS ∈ NS. Similarly, bicycle lanes are modeled as a separate subset of links

set as bL ∈ LS. The capacity of each station is represented as QdS and the

optimal occupancy is represented as OdS. The number of bicycles is repre-

sented by a set B. Similar to the public transportation model, when used in

combination with transit, the commuter experience an extended impedance.

The perceived journey time thus includes extra time and effort to retrieve

and park the vehicle from/to the stations. The extended PJT thus includes

the detour factor ϑ, rejection rate R in case of no vehicle available at the ori-

gin station or no parking space available at the destination station, journey

time τ and wait time including the access and return procedures Ψ. The ex-

tended PJT as seen in 3.61 thus impacts the commuter utility and route choice

behavior.

PJTr = dr + σr + ∑
p∈P

[
(µm ∗ TRp,r) +

h
′
p,r

hp,r
+ TWp,r

]
+ (ϑr ∗ R) + Ψr + τr

(3.61)

Where;

R = Ra + Re (3.62)

Ra = c1 ∗ e−c2∗ba (3.63)
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Re = c1 ∗ e−c2(QdS1
−OdS1

) (3.64)

Here, Ra and Re are the rejection rate for accessing and returning a bicycle

to the station respectively. ba is the number of bicycles available for rent. QdS1

is the total capacity and OdS1 is the occupancy at time interval t of station dS1.

3.3.4 Data fusion

The proposed methodology uses a general transit feed specification (GTFS)

data set to represent the public transportation network. The GTFS includes

the required information to define the transit network considering the stochas-

ticity of the methodology. Although having detailed data about various

components of the network our focus was on extracting the transit routes

with their frequencies (Troutes.txt, f requencies.txt), system paths defined for

each route (vehicletrips.txt), the stops defined for each route (stops.txt) and

the arrival/departure times at each stop (stoptimes.txt). Additionally, de-

mand data for the usage of the public transportation network is represented

in the form of origin-destination matrices A. It involves the data collected

from the public surveys as well as the smart card readers thus revealing the

commuters’ journey and ride data. Next, the data for sharing stations of

micro-mobility (bicycle) as well as the capacity and occupancy at different

times of day is imported in .txt format and merged with GTFS data to re-

veal the detailed network. This allows us to visualize which sharing stations

are overlapping the transit stops and vice versa. Following the approach of

(Buijtenweg et al., 2021), these two data sets are fused to be fed to the formu-

lated methodology for analyzing the vulnerability of the multi-modal public

transportation network. The fusion is done by the stop i.d. thus revealing

the details of stop-wise passenger demand.
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3.3.5 Network structural evaluation

The components of a network are critical for the vulnerability of a public

transportation network both in terms of infrastructure and services. Many

indicators had been designed and used to portray unique aspects of the net-

work components. Once the multi-modal public transport model is set up

next step in the proposed methodology involves the formulation and appli-

cation of centrality indicators considering both infrastructures as well as ser-

vices incorporating the stochastic nature of the realistic transit networks. The

aim of devising the centrality indicators is to reveal the vulnerable compo-

nents. This property of stochasticity leads to the dynamic clustering of the

network as in Section 3.3.6 revealing not only the critical components of the

network but also the neighboring critical components thus allowing for ana-

lyzing an evolving state of the network in case of disruptions

Dynamic Closeness

As the inherited meaning from the name, closeness represents the proximity

of a certain node to all other nodes in the network topologically. For any

pair of nodes (OD pair), the number of links on the shortest path between

them yields the topological distance. If a node is capable of connecting to a

maximum number of nodes in a network via a few links it is considered to be

central thus closeness can be defined as an inverse of the shortest path length.

For the directed graphs the closeness must be calculated separately for the

incoming and outgoing links thus revealing in-closeness for paths coming

toward the node and out-closeness for paths going out of the node. Since in

the proposed methodology the public transportation model is stochastic the

closeness of nodes is weighted by the number of line transfers to reach that

node, the weight of links traversed in terms of vehicle journey time and the
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number of commuters thus yielding a dynamic closeness function DCn1 for

any node n1 as seen in 3.65.

DCn1 =
[ 1

∑n2 ̸=n1
en1n2 + depn1n2 + (γ ∗ Ntr,n1n2)

∗
( gn1

N − 1

)]
(3.65)

Where gn1 is the number of reachable nodes from a node n1 and en1n2 is

the Euclidean distance between nodes n1 and n2.

Dynamic Betweenness

A link is said to be central if it is a part of many shortest paths between any

pair of nodes/stops to reach from origin to destination commonly referred

to as betweenness (Freeman, Borgatti, and White, 1991; Crucitti, Latora, and

Porta, 2006). Consequently, it becomes a critical component of the network in

case of disruptions. To avoid the limitations of traditional node betweenness

centrality measure as in (Cats and Jenelius, 2014), we here define a dynamic

betweenness centrality DBl for any link l. The DBl considers weighted time

series demand for any time interval (t, t+ 1) between all OD pairs distributed

over transit lines in terms of the number of commuters TOD(t, t + 1) showing

the inherent stochasticity. It is weighted by the stop centrality over a cho-

sen path depending upon the choice probability Pru(r) of a commuter u. To

identify the presence of the concerned link l in a path r, a link-path incidence

matrix I is generated. An element i(r, l) = 1 indicates that the link is present

in the path and vice versa.

DBl =
∑n∈r Cn

∑n∈ROD
Cn

∗
∑r∈ROD

{∑u∈TOD(t,t+1)
Pru(r)} ∗ i(r, l)

| TOD(t,t+1) |
(3.66)
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3.3.6 Vulnerable components

Following the evaluation of network centrality, the next step is to cluster the

network to better understand the hierarchy of its components revealing the

vulnerable spots. Based on the dynamic closeness and betweenness func-

tions the nodes and links of the public transport network are clusterized.

Thus this hierarchical clusterization inherently takes into account the infras-

tructure and service characteristics of the transit system. This segmentation

consists of two steps; the first is to divide the network into a suitable num-

ber of clusters based on the dynamic centrality measures and expose the

most vulnerable components following an unsupervised machine learning

approach. Second, after the clustering is complete, a supervised machine-

learning approach is used to reveal the nearest neighbors of the most vulner-

able nodes and links.

Based on unsupervised learning

Taxonomy analysis or clustering of the network based on centrality mea-

sures involves an unsupervised learning approach. Taxonomy is the cluster-

ing method used to draw inferences and hidden patterns in the evaluated

centrality for links and nodes. It clusters the data into k exclusive groups

treating each centrality value for link and node as an object that has a precise

location in space. Operating on actual observations it finds the objects which

within an identical cluster are near to each other and farthest from the objects

of other clusters. To find the optimal number of clusters hitandtrial method is

used starting from 2 to 5 clusters. The distance metric is set to be city − block

to compute the centroid in p − dimensional space. It is the summation of the

absolute difference between the centroid and each cluster point location as

seen in 3.67. Here obs is the location of a data point in a cluster, cent is the

centroid location, and | q | is the total number of observations in a respective
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cluster. The maximum iteration is set to be 100 whereas the replicate is set to

be 5. kmeans ++ algorithm is used for cluster centroid initialization.

cb(obs, cent) =
|q|

∑
q=1

| obsq − centq | (3.67)

The method also known as Lloyd’s algorithm goes along with the follow-

ing steps;

1. Choose k being the number of groups the data set Z is meant to be

clusterized in.

2. Initialize by selecting k starting clusters following the kmeans ++ algo-

rithm as:

(a) Randomly select an object from the data set and assign it as a first

centroid cent1.

(b) Calculate the distances of each observation obs1 from centroid cent1

and assign them to d(Zobsq , cent1).

(c) Choose the next centroid cent2 from Z based on the weighted prob-

ability of the previous centroid’s distance i.e.

d2(Zobsq , cent1)

∑z
h=1 d2(Zh, cent1)

(3.68)

(d) Evaluate the distance of each object in set Z to each centroid and

assign the object to the consequent nearest centroid.

(e) Select each center with probability proportional to the calculated

distance from this center to the centroid is already chosen.

(f) Go to Step 2.4 until k number of centroids is chosen.

3. Calculate the distance of the cluster centroid to each point in a data set.
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4. Assign each point in the data set to the respective cluster with the rela-

tive closest centroid.

5. For the first replicate, determine the average of all the points in each

cluster yielding k number of new centroids locations.

6. Go to step 3 until the cluster observations do not change or the maxi-

mum number of iterations is reached.

This results in an optimal number of clusters with the most vulnerable

component in each of them revealed. To validate the clustering results a

Silhouette plot method which identifies the most suitable value of clusters

for the present dataset.

Nearest neighbors search via supervised learning

Once the vulnerable component in each one of the clusters is highlighted, the

next step is to find the nearest neighbors of that critical component based on

evaluated centrality. Now here we do not skim out the topological nearest

neighbors. The reason for this is that during the analysis of public trans-

portation assignments with and without disruptions, the topologically af-

fected nearest neighbors are also identified as explained in Section 3.3.7.For

identifying the nearest neighbors, the k − nearest neighbors(knn) algorithm

is used which skims out the nearest data points within a specified distance

considering the distance metric. For producing efficient results a searcher

object is created first using the kd − treesearcherobject. kd − tree model seg-

mentizes the mbyk data set (k-mean clustered data) by repeatedly splitting it

into m points in the form of a tree. Once the tree is formed it includes the

training data set (the centrality data for the nodes and links), the distance

metric with its parameters, and the data points in each leaf of the tree which

is also known as the bucket size. After creating the tree object, the knn search

algorithm is used to find the all nearest neighbors of the query data point
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which in our case is the most vulnerable component of each cluster from

Section 3.3.6. This method is ideal and most effective when the number of

clusters is leq 10. For comparisons, two different distance metrics are used in

knn is Minkowski(mdij) as seen in 3.69 which for a special case of Minkowski

exponent v = ∞ becomes ChebyChev (cdij) as seen in 3.70.

mdij =
v

√√√√ |q|

∑
q=1

| xiq − yjq |v (3.69)

cdij = maxq{| xiq − yjq |} (3.70)

The bucket size is kept to 50 representing the number of data points in

each leaf with v = 5.

3.3.7 Random service disruptions

Randomly generated service disruptions are modeled to evaluate the change

in the system reflecting any unforeseen and short-term event (accident, protest,

signal malfunction, vehicle breakdown, etc.). The disruptions are targeted at

certain vulnerable segments skimmed out in previous steps of the proposed

methodology. Following the assumptions described above, the disruptions at

one vulnerable segment or stop create two possibilities (S1 and S2) whereas

the non-disruptive normal state is considered to be the base scenario (S0) for

comparisons;

S1 a disruption on a stop means the line continues to traverse on the de-

fined vehicle route but does not allows commuters to board/alight at

the disrupted stop.

S2 a disruption on a link of the network implies that the line de-routes from

its original path skipping all the stops from a de-route start point to the
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endpoint and thus does not allows commuters to board/alight on the

de-route course.

This reflects the real situation when commuters on board and those wait-

ing at the non-served stops can re-plan and revise their travel decisions, how-

ever, their origin and destination remain the same. This creates a spill-over

effect on the rest of the network when this induced demand interacts with

the transit supply consequently creating delays, failed boardings, discom-

fort, etc. In the present study, the usage of a micro-mobility (Bicycle) sharing

system is analyzed to evaluate the vulnerability of a public transport system

in case of two disruption scenarios (S1, S2) thus generating the following

three combinations;

B1 Disruptive access to the origin stop: Ride a bicycle from sharing station

to the accessible transit stop, use public transport, and alight at the des-

tination stop.

B2 Disruption on some part of a trip: Alight at the non-disruptive stop, ride

a bicycle to the next accessible stop, board the public transportation

available, and alight at the destination stop

B3 Disruptive access to destination stop: Board public transportation to the

last accessible stop before the destination, alight at the stop, and ride a

bicycle to the nearest station to the destination.

The combination of disruption and bicycle usage scenarios is analyzed to

determine the impacts of disruptions thus answering the questions of vul-

nerability. Since our multi-modal public transportation model is stochastic

showing day-to-day variations and demand depending upon the time inter-

val of the day the disruptions and their impacts are also dynamic. Consid-

ering the assumptions and aims of this study the vulnerability of the transit

network is presented in terms of the commuter’s disutility CDr(t,t+1)(S, B)
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for a different combination of scenarios (S, B) at any time interval (t, t + 1)

in terms of productive hours (time used in travel which if used for work

could result in production). The disutility is a combination of total ride time

TRTr (including post-run times and dwell times at each stop on the path), the

number of actual stops h
′
r, the total number of transfers, the total wait time

TWTr considering all events and total walk time including the transfer walk

time.

CDr(t,t+1)(S, B) = TRTr +
h
′
r

hr
+ Ntr,r + TWTr (3.71)

This stochasticity of this proposed methodology reveals a realistic com-

plete situation of the transit network under different disruption scenarios

with and without mitigation by the provision of micro-mobility options. This

also results in the most affected links, lines, and stops apart from the dis-

rupted ones thus revealing the spill-over effect too.
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Chapter 4

Inequity analysis for

heterogeneous traffic stream on the

introduction of AVs

4.1 Introduction

This chapter includes the application of the extensive methodology formu-

lated in Chapter 3 on real transportation networks for the city of Genoa, Italy.

Section 4.2 involves the definition of the study area and the data resources

used for extracting the data to be adopted for the analysis. The penetration

rate of AVs is quantified based on real network data in Section 4.2.1 followed

by the impacts of the inclusion of AVs in the network on macroscopic funda-

mental characteristics in Section 4.3. The detailed inequity analysis is carried

out in Section 4.4 to highlight the variations in travel equilibrium costs.

4.2 Real network application

For real network implementation of the private network transportation model,

a part of the transportation network of the city of Genoa in northern Italy is

used as can be seen in Figure 4.1.
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(A)

(B)

FIGURE 4.1: (A) Area considered for application (B) Network
of the considered area

The considered network is represented by a synchronic graph; divided

into 17 zones with 502 nodes and 1464 links covering an area of 8km2. All

zones in the network are origin and destination zones simultaneously with

an initial fixed demand as shown in Table 4.1 obtained from Comune di Gen-

ova (the city municipality). The zones are numbered based on the data ob-

tained and the numbers are edited to avoid any confusion during the anal-

ysis. Furthermore, while visualizing results; it’s easier to refer to the zone
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number instead of zone names when the results are a lot. The term maxi-

mum production refers to the maximum amount of trips or demand that can

be on the network from a certain zone whereas the term maximum accommo-

dating volume on the other hand reflects the number of inbound trips that a

certain zone can handle without being saturated resulting in a halt situation.

Considering that, these two values act as bounds and constraints for the two

levels of the optimization model which resultantly tries to maximise the trip

growth while keeping the inequities to the lowest. The maximum possible

growth of newly generated demand for each zone is strongly dependent on

the quantified penetration rate of the AVs in respective zones calculated as

per the methodology defined in Chapter 3. Now when we say the generated

demand is maximum; two things must be pointed out. First that the demand

data obtained for the analysis was a real data set of the trips generated from

the zones thus considered to be the maximum demand being generated. Sec-

ond, the amount of AVs added to that demand is the maximum amount of

AVs quantified for the said time according to the formulated indices. These

both combine to give a sense of maximum possible growth of newly gener-

ated demand in particular. For that socio-economic and user demographi-

cal data for the area deemed is extracted from the ISTAT (Italian National

Institute of Statistics) whereas, the transportation infrastructure data is re-

trieved from Eurostat. Information about trips is mined from Statista and

Odyssee-Mure used for the quantification of the penetration rate of AVs.This

data is utilized to quantify the penetration rate for AVs according to Scenario

0 (the present time scenario) and Scenario A (futuristic heterogeneous traffic

stream scenario after 15 years) as well as for the sensitivity analysis in the

form of maximum bounds. The population is categorized into four groups

(15 − 24, 25 − 44, 45 − 64 and ≥ 65 years o f age). For synthesizing social

inclusion and opportunity indices the activities set ACT is defined with six
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activities namely; Work, shopping, leisure, recreational, health, and educa-

tion.

TABLE 4.1: Network data

Zone Name Originating Volume Attraction Volume Maximum production Maximum accommodating volume
33 Prè 1145 1134 1545 1488
34 MADDALENA 657 659 886 822
35 MOLO 2079 2409 2806 3172
38 MANIN 1216 1188 1641 1463
39 S.VINCENZO 4272 4043 5767 5260
40 CARIGNANO 1363 1197 1840 1275
41 FOCE 579 605 781 747
42 BRIGNOLE 2927 2875 3951 3825
43 S.AGATA 1272 1167 1717 1333
47 MARASSI 1393 1388 1880 1643
61 S.MARTINO 2927 2875 3951 3725
62 ALBARO 2656 2394 3585 3052
63 S.GIULIANO 1311 1777 1770 2187
64 LIDO 1146 1129 1547 1280
65 PUGGIA 917 898 1237 1057
66 Oregina 1535 1489 2072 1884
67 Castelleto 1261 1319 1702 1646

All seven indices are calculated for the extracted data and based on the

methodology mentioned in Chapter 3; a penetration rate for AVs is obtained.

4.2.1 Quantification of penetration rate

In Scenario 0, all seven indices are calculated based on extracted data for the

year 2021 and subsequently considered as a base scenario with no AVs avail-

able to the general public. The values for the different indices are shown

in Table 4.2. For Scenario A, the related growth rates are utilized to pre-

dict the socio-economic, demographical, trips, and transportation infrastruc-

tural conditions in fifteen years to be used in calculating all the indices. The

growth rates are extracted based on the analysis of the projections of land us-

age and user demographics for the period of 2020-2040 presented by ISTAT.

For the indicator classes of the road network, the relative growth rates are

calculated based on past 15-year trends for included indicators as mentioned

in Chapter 3. The growth rate for maintenance cost, population size, land

unit rentals household size, household income, age group, transportation
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expenditure, and travel time are computed (they are 19.41%, -1.4%, 6.23%,

3.13%, 10.47%, 9.23%, 3.14%, and 4% respectively). It must be noted that

the growth rates for household size and age group are computed according

to the division of age groups mentioned earlier. These new values are then

used to quantify the penetration rate of AVs in fifteen years keeping in view

the base year penetration rate is zero. Table 4.2 shows the values for indices

and quantified index values for both scenarios. It must be noted that the

quantified penetration index QEAV index as in Chapter 3 formulated is not a

simple summation of all the indices instead its value is based on the weights

given to each of the seven indices through regression. The highest weights

are given to the mobility index and activity accessibility index (they are 1.2

and 1.5, respectively), under the proposition of usage of AVs by the group

of society who were previously unable to mobilize themselves on their own.

From the fractiles approach discussed in Chapter 3, the penetration rate in

Scenario A results at 35%, following the values reported in Table 4.2.

TABLE 4.2: Quantification of Penetration rate

Index Scenario 0 Scenario A
DLPu,t 12.55 50.28

TI 47.83 64.86
LC 14.48 38.03
UI 29.60 49.60

HBIt 5.72 34.93
SIp 15.89 21.72
OI 76.44 48.83

QEAV 158.59 232.72

4.2.2 Senstivity analysis for quantified penetration rate

To identify the model uncertainties one of the best tools is sensitivity analysis.

To keep things simple we assume the profit of land usage and infrastructure
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usage is kept constant over the analysis period. Whereas, all other 5 indices

are tested over the range of values to evaluate the impact of their variation

on the QEAV and consequently on the final penetration rate of AVs. Consid-

ering the trends of growth for the involved indicators the maximum possible

bounds of each of the indices is tested to see the effect on penetration rate

thus giving us a range of penetration rate instead of a single value.

TABLE 4.3: Senstivity analysis results on the penetration rate of
AVs

Index Scenario 0 Scenario A OI SI HBI TI UI All
DLP 12.55 50.28 50.28 50.28 50.28 50.28 50.28 50.28

TI 47.83 64.86 64.86 64.86 64.86 51.42 64.86 51.42
LC 14.48 38.03 38.03 38.03 38.03 38.03 38.03 38.03
UI 29.60 49.60 49.60 49.60 49.60 49.60 58.72 58.72

HBI 5.72 34.93 34.93 34.93 29.1 34.93 34.93 29.1
SI 15.89 21.725 21.725 18.12 21.725 21.725 21.725 18.12
OI 76.44 48.83 26.32 48.83 48.83 48.83 48.83 26.32

QEAV 158.59 232.72 202.67 224.27 223.85 216.24 220.56 168.87
PRz 25 35 30 35 35 35 35 25

In terms of the transportation land usage index (TI), the QEAV is com-

puted for a range of 20% to 26% for the road network of the considered area.

All things kept constant this index has a moderate impact on the quantified

penetration rate for its maximum possible bounds. For the user mobility

condition index (UI), the model is tested for the bounds from 18% to 40%

however the variation in QEAV is a mere 6%. In the case of the household

transportation budget index (HBI), social inclusion index (SI), and opportu-

nity index (OI) the change in QEAV is 4%, 4%, and 13% respectively for the

sensitivity bounds of 16-83%, 23-55%, and 36-47% respectively. However, the

collective change for all the indices has an appreciable variation in the value

of QEAV that is up to 29% for all the sensitivity bounds included as shown

in Table 4.3. Now considering the fractiles approach as discussed in Chapter

3, the penetration rate according to the sensitivity analysis gives us a range
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from 25% to 35% following the values reported in the quantiles approach in

Table 3.1. This range is incorporated in further fundamental relationships for

explicitly revealing the impacts of AVs on the traffic network fundamentals.

4.3 Macroscopic fundamental characteristics

After the quantification process of AVs, this penetration rate range (25-35%)

is used as a percentage of AVs on an urban road network to generate a het-

erogeneous traffic stream. For the generation and initial accuracy testing of

fundamental relationships, a representative link is used from the network.

After which the derived fundamental relationships are applied to the net-

work shown in Figure 4.1. To represent the prevailing traffic conditions in

both scenarios, a speed-density relationship is obtained using equation 3.18

as shown in Figure 4.2 revealing the decrement in traffic stream speeds as

the density is increased. Eventually, traffic will reach a block flow situation

at jam density when the speed reaches zero.

However, for the same densities of traffic on the link, the heterogeneous

stream is showing a range of higher speeds (area between the blue and green

curves) as compared to the only TVs scenario that’s where the effective time

to hurdle in the case of AVs comes into play. The corresponding range of

capacity of an urban road link is calculated from the speed-flow relationship

from equation 3.19 as shown in Figure 4.3. It is evident that in a heteroge-

neous traffic stream the capacity of an urban road link increases efficiently

with most of the parts yielding un-saturated traffic conditions in range areas

of blue and green curves. Gains in flow rate are significant as long as the

traffic state is un-saturated i.e. before the critical density is reached in both

scenarios.

It would be prudent to obtain the traffic stream conditions with higher

flows by increasing the free-flow speed however, the traffic stream will be
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FIGURE 4.2: Speed-density relationship for Scenario 0 and sce-
nario A under sensitivity range of AVs

more saturated and unstable. Also, the urban link congestion can be dealt

with by keeping the topology intact and making it a heterogeneous stream

with the inclusion of the desired percentage of AVs remaining under accept-

able and realistic limits. Albeit safety and driving behavior will be the ques-

tion that is out of the scope of this research. It is interesting to see that the

range of AVs quantified when injected into the traffic stream of the hetero-

geneous stream has better performance in terms of macroscopic parameters

whether its speed, flow, and speeds at the same critical densities which ad-

vocates favorability to AVs to be the part of the network casting positive im-

pacts on network capacity.

The trend of saturation grade is also shown in Figure 4.4 which is again
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FIGURE 4.3: Speed-flow relationship for Scenario 0 and sce-
nario A under sensitivity range of AVs

yielding higher speeds of the stream for the same saturation level as com-

pared to the only TVs traffic stream against the critical densities obtained.

Although the trend for saturation grade at a lower penetration range of 25%

is quite closer to the TVs scenario yet giving an improvement in the speed at

which saturation achieves. For evidence this saturation grade is 1 at a point

where the network reaches it maximum allowed capacity, past this, the net-

work starts to choke.

The travel-time flow relationships are plotted in Figures 4.5 4.6 following

the defined equations in Section 3.2.4 using equations 3.20 and 3.21. It is clear

from Figures 4.5 4.6 that opposite-direction flow has an impact on the travel

times of an urban link. The increase in travel time is in the range of 7%-10%
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FIGURE 4.4: Decrement in vehicle speed with respect to Satu-
ration grade

if no physical median is present between opposite links as seen in the area

between blue and green curves which are common in urban street networks

of the considered realistic network of Genoa. It is important to mention that

60% of the links in our considered network were consisting of a physical me-

dian between opposite directions. Although, it looks to the naked eye that

the presence of a physical median has no impact but it has a small yet ap-

preciable impact on the travel time for the flows in the heterogeneous traffic

stream.

Moreover, to attain the stated objective in Chapter 1, the travel-time flow

relationship is plotted as shown in Figure 4.7 by using equation 3.22 with

the influence of the urban link’s physical and functional characteristics. The
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FIGURE 4.5: Travel-time flow relationship with a link having
physical median and no influence of opposite direction flow

under sensitivity range of AVs

increase in capacity of an urban link as deduced from the speed-flow relation-

ship in Figure 4.3 by introducing AVs has an appreciable impact on the travel

times as can be seen in Figure 4.7. The large area between the two penetration

curves is revealing the fact of improved traffic conditions with the inclusion

of AVs. In the considered network, useful road link width and the percent-

age of links occupied by parallel parking had a direct impact on the flow

relationship. With an increment in parallel parking and decrement in useful

road length, the travel time increased for both TVs and AVs. However, the

increment was higher in TVs as compared to the heterogenous stream with

AVs. Given the topography of the considered area tortuosity and the non-

negative slope were very less except for the southern part of Corso Italia,
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FIGURE 4.6: Travel-time flow relationship without a link hav-
ing physical median and influence of opposite direction flow

under sensitivity range of AVs

thus not affecting the results as much. Whereas the pavement type was the

same for all the roads in our considered network. Another factor affecting the

travel time and flow characteristics was the number of uncontrolled pedes-

trian crossings and side entries which again was mainly inducing an impact

on the southern part of the considered area on Corso Italia.

4.4 Inequity analysis

Using the methodology stated in Chapter 3, the objective of inequity analysis

is attained. Utilizing the data obtained from the above-mentioned sources for

the city of Genoa, values for each of the seven indices are calculated as shown
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FIGURE 4.7: Travel-time flow relationship with physical and
functional characteristics of links affecting travel time under

sensitivity range of AVs

in Table 4.2; consequently giving an integrated index from the quantification

equation (QEAV) as in equation 3.12. Value of the integrated index is used

and the final penetration rate to be used in the model is obtained from Table

??. The quantified value range comes out to be 25-35% in light of the sensitiv-

ity analysis but for analyzing the inequity we opted for the maximum bound

of penetration of AVs i.e. 35%. AVs are introduced into the network and are

evaluated based on the projected growth of the defined indices for the next

15 years.

Given the assumptions in Chapter 3 as well as keeping in view the state-

ment of (Bilal and Giglio, 2021) and (Lee, Wu, and Meng, 2006) that trip

growth generally causes an increment in travel cost and consequently yields
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a positive travel equilibrium ratio; the lower bound (θL) is kept equal to 1

whereas the upper bound (θu) is sensitively tested against different values

(1.05, 1.07, 1.09 and 1.10). The aim of using close intervals for the upper

bound value is to closely monitor the change in the respective optimal values

for the upper and lower level of the problem as well as the fitness function.
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FIGURE 4.8: Fitness curves for GA with Upper inequity bound
of 1.05, 1.07, 1.09 and 1.10

Looking at the fitness curves in Figure 4.8 it is apparent that for all the

upper bounds the fitness of GA continues to increase. However, for the upper

bound of 1.09 and 1.10, the fitness sharply increases after 80 iterations of the

algorithm and finally becomes stable with a relatively higher value of fitness

as compared to the earlier upper bounds i.e. 1.05 and 1.07. This depicts

that almost all the newly generated demand under these bounds satisfies the

model thus the fitness continues to increase. An interesting thing to note is

that the fitness value for the upper bound of 1.07 took the longest to get stable

yet it has the lowest fitness value. In contrast, the algorithm becomes stable

only after 58 iterations in the case of an upper bound of 1.05.

For consistency check of the proposed assignment model based on SUE,

results are compared with those of system optimum (SO) assignment having
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FIGURE 4.9: Total costs for SUE and SO assignment (Source:
(Bilal and Giglio, 2022))

an ideal state of the considered network with a minimized total cost in ab-

sence of AVs. The assignment according to the MSA-FW algorithm as in the

lower level of the Bi-level model gives us the total equilibrium cost as well

as the network optimum costs in heterogeneous traffic stream scenarios with

35% AVs. It is evident in Figure 4.9 that on the inclusion of AVs both the

SUE assignment and SO assignment shows a decrement in total equilibrium

costs. Not only this but the total travel equilibrium cost is lesser than the

total optimum cost when AVs are present in the traffic stream. This depicts

the potential of AVs for improved network capacity.

Witnessing Figure 4.10, we can see the reduction in mean excess cost for

heterogeneous traffic stream as compared to only the TVs scenario. As the

number of iterations goes on to attain the equilibrium, the decrement in mean

excess cost in the case of mixed traffic is more evident.

Comfort comes with a cost not only to individuals but also a mutual social

cost. This can be verified by diving deep into the inequity analysis results. It

is evident from Table 4.4 and Table 4.5 that the inequity values for the newly

generated demand do not increase rapidly for the increased fitness values.



96
Chapter 4. Inequity analysis for heterogeneous traffic stream on the

introduction of AVs

0 5 10 15 20 25 30

Iterations

0

50

100

150

200

250

300

M
e

a
n

 E
x
c
e

s
s 

C
o

s
t

Only TVs scenario

Mixed traffic scenario

FIGURE 4.10: Mean excess costs comparisons for only TVs and
heterogeneous traffic stream scenario (Source: (Bilal and Giglio,
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As we witness in 4.8, the fitness consistently increases for an upper bound of

1.05 and 1.07 yet the detailed values of inequity for the upper bound of 1.05

from 4.4 suggest a slower increment specifically for zone 34, 43, and 63. Simi-

larly, in 4.5 for the upper bound of 1.07, the inequity values for zone 34, 35, 39,

and 62 do not depict as much change in inequity as the fitness suggests. the

reason for the lower impact on inequity for these areas is the type of topog-

raphy and land usage. These zones consist of the areas of downtown with

the least car traffic moreover served by a single truck road thus the heteroge-

neous stream casting the lowest possible impacts both positive and negative.

In contrast to that, zones 39, 40, 41-47, 61, and 62 depict balanced positive

impacts in terms of maximizing volumes and negative impacts in terms of

inequity with increasing fitness values for the upper bounds of 1.05 and 1.07.

The impacts are more evident in the upper bound of 1.07 as evident from 4.5.

But as we saw in the fitness curves in Figure 4.8 there is a rapid increase in

the fitness values for the upper bounds of 1.09 and 1.10 after an intermediate

drop and then a sudden steep surge after the 85th iteration, this is certified

by the inequity values as we can see in Table 4.6 and Table 4.7. Again, the
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zones most under influence are quite similar to those in the upper bound of

1.07. Although the new demand generated is being easily served by the net-

work evident from the fitness curve with sharp increment in fitness; it also

increases the inequity within the network thus increasing the overall equilib-

rium travel cost.
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Similarly, the change for inequity ratios for an upper bound of 1.10 is very

less than the previous interval yet the fitness values increases sharply. This

reveals that with higher upper bound values the inequity constraint as in

equation 3.34 starts to become inactive because this excessive inequity upper

bound will allow the newly generated demand to already reach the maxi-

mum values bounded by the constraint in equation 3.37 as well as the at-

traction constraint in equation 3.38. That also was one of the reasons to use

close interval upper-bound values for inequity constraint. In the considered

network three types of roads are used; highway, primary urban street, and

tertiary urban street with a capacity of 2700, 1600, and 900 vehicles per hour

respectively. The capacity is large enough to accommodate the maximum

possible flows on the network. It must be noted that if the capacity is reduced

then the inequity constraint becomes inactive for increasing iterations and

the capacity constraint as in equation 3.35 will control the algorithm which

certainly is not the motive here.

4.4.1 Travel equilibrium impacts

Now to help understand better the situation of inequity analysis for travel

equilibrium costs, a side-by-side comparison is shown for all the zones and

all the inequity upper bounds.

We can observe from the comparison of Figures 4.11, 4.12 depicts that

despite the increase in inequity ratio due to a slight increment in the travel

equilibrium costs for the zones the increase in volume is appreciable which

is also revealed by the fitness function except for the zones 33 and 34 which

shows a minimum change. This also stands true for our discussion in Section

4.4 where we identified the zones.



4.4. Inequity analysis 103

1.05 1.07 1.09 1.10

Upper bounds

0

50

100

150

200

250

300

350

T
ra

ve
l C

o
s
t

(i
n

 m
in

)

33

34

35

38

39

FIGURE 4.11: Change in travel equilibrium costs for different
Upper bounds for Zone 33, 34, 35,38, and 39
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FIGURE 4.12: Change in volume for different upper bounds for
zone 33, 34, 35,38, and 39

Similarly, the comparison of Figures 4.13, 4.14 shows that the higher al-

lowance of inequity bound doesn’t have any evident impact on travel equi-

librium costs as well as volume for zone 40 and 41. Now, this trend wasn’t

evolved in our previous discussion revealing the importance of this compar-

ison. If we look closely, the increase in travel equilibrium costs for the upper

bound of 1.10 in the case of zone 42 makes a negative impact on volumes.
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FIGURE 4.13: Change in travel equilibrium costs for different
Upper bounds for Zone 40, 41, 42, 43, and 47
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FIGURE 4.14: Change in volume for different upper bounds for
zone 40, 41, 42, 43, and 47

Overall for other zones, the slight increase in travel equilibrium costs pro-

duces an appreciable volume increment. This does not mean that increasing

cost increases the volume but it reflects the importance of capacity increment

against minor social cost in the form of inequity.

Also, if we look into Figures 4.15, 4.16 we can identify the gains in volume

for a slight change in travel cost for the upper bound interval of 1.07 to 1.09
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FIGURE 4.15: Change in travel equilibrium costs for different
Upper bounds for Zone 61, 62, 63, 64, 65, 66, and 67
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FIGURE 4.16: Change in volume for different upper bounds for
zone 61, 62, 63, 64, 65, 66, and 67

except for zone 61. This makes us choose the upper bound of 1.09 as the best

possible inequity policy as above that bound the change in decision variable

is very less and the bound becomes ineffective as explained earlier.

Figures through 4.17 to 4.19 show the optimal results for the lower-level

problem of the bi-level optimization model. We can witness the change in

costs for all the network zones for all the possible OD pairs for which the
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FIGURE 4.17: (A) Optimal minimized travel equilibrium costs
for Origin zone 33; (B)Optimal minimized travel equilibrium
costs for Origin zone 34 (C) Optimal minimized travel equilib-
rium costs for Origin zone 35 (D) Optimal minimized travel
equilibrium costs for Origin zone 38 (E) Optimal minimized

travel equilibrium costs for Origin zone 39

demand exists. Since, in the formulated bi-level optimization model, two

agents are trying to simultaneously optimize their values; it gives a chance to

visualize the effect of various upper bounds and the amount of compromise

in travel costs and volumes.
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FIGURE 4.18: (A) Optimal minimized travel equilibrium costs
for Origin zone 40; (B)Optimal minimized travel equilibrium
costs for Origin zone 41 (C) Optimal minimized travel equilib-
rium costs for Origin zone 42 (D) Optimal minimized travel
equilibrium costs for Origin zone 43 (E) Optimal minimized

travel equilibrium costs for Origin zone 47

The minimized costs are the results of the maximized volumes. The fact

for certain zones the inequity upper bound of 1.09 does not give apprecia-

ble results instead upper bound of 1.07 does. Looking closely at the opti-

mal curves, the detailed potential of each origin zone towards each attraction
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zone depicts the amount of equitable development in form of the introduc-

tion of AVs.

Whereas, Figures, 4.20 to 4.22, show the optimal results for the upper-

level problem of the bi-level optimization model. We can witness the change

in trip generation for all the network zones for all the possible OD pairs

against the minimized equilibrium costs. Since, in the formulated bi-level

optimization model, two agents are trying to simultaneously optimize their

values; it gives a chance to visualize the effect of various upper bounds and

the number of trips being generated while restricting the inequity allowed.

The fact for certain zones the inequity upper bound of 1.09 does not give

appreciable results instead upper bound of 1.07 does. Looking closely at

the optimal curves, the detailed potential of each origin zone towards each

attraction zone depicts the amount of equitable development in form of the

introduction of AVs.

The variations in the optimization behavior of the two decision variables

at the lower and upper levels of the problem can be observed. The sharp

decrement in travel equilibrium cost for trips from zone 41 to attraction zones

particularly zone 63 and zone 47 do not come at any compromise of volume

as can be seen in Figure 4.21 (B). In fact, for zone 63 the newly generated

demand continues to maximize itself with decreasing and later steady travel

equilibrium cost. Similar trends are noted for origin zone 47 in which newly

generated demand is increasing steadily as in Figure 4.21 (E) whereas, the

cost continues to minimize as in Figure 4.18 (E). This shows the strong be-

havior of constraints at the lower level of the formulated model which in turn

is acting as a constraint for the upper level thus providing a balance in the

production of new demand for each OD pair. The important takeaway from

these optimal curves is that the increasing trips do not always increase the

travel equilibrium costs yet for some OD pairs it is also decreasing the total

costs.
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Moreover, as we mentioned earlier for some origin zones the upper bound

of 1.07 performed well depicting the importance of micro-level transporta-

tion and land use planning revealing the possible direction of urban devel-

opment. This enlightens the possibilities for different zones of the bigger

network to be micro-planned for development in terms of the inclusion of

new forms of mobility with variable inequity allowance. This can also open

doors for the micro-mobility options to serve the needs of the user group of

zones where inequity is more.

4.5 Conclusions

Concerning the stated objectives in Chapter 1, this chapter applies the for-

mulated methodology to a real transportation network of the city of Genoa,

Italy. A quantified penetration rate of AVs is derived from a multiple indices

system to synthesize seven different indices using user demographical, land

usage, and socio-economic characteristics. Then by the quantile approach

and sensitivity analysis, the range realistic value of AVs is determined which

comes out to be 25 - 35% keeping in view 0% AVs in the current year and

projection for the indices for the next 15 years. Later, this quantified pene-

tration rate of AVs is used to determine the impact on macroscopic funda-

mental network parameters followed by the convex minimization problem

which is a lower level of the bi-level optimization model. The lower-level

problem distributed the trips onto the network following the SUE approach

using the Frank-Wolfe algorithm. This lower-level problem itself acts as a

constraint for the upper level of the bi-model. The presented bi-level opti-

mization model is solved using a genetic algorithm that evidently addresses

the inequity among the travel zones on the introduction of AVs into the net-

work by sensing the deviation in travel equilibrium costs for each OD pair.

Also, governs the maximum amount of new demand that can be produced
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by each origin zone. Under different upper bounds for inequity, it was found

that the most optimal travel equilibrium costs and newly generated demand

are for the upper bound of 1.09. The proposed methods highlight the impor-

tance of planning for each zone to the extent that it grows to its maximum

potential without causing an imbalance in the travel equilibrium costs when

AVs are introduced into the network.
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FIGURE 4.19: (A) Optimal minimized travel equilibrium costs
for Origin zone 61; (B)Optimal minimized travel equilibrium
costs for Origin zone 62 (C) Optimal minimized travel equilib-
rium costs for Origin zone 63 (D) Optimal minimized travel
equilibrium costs for Origin zone 64 (E) Optimal minimized
travel equilibrium costs for Origin zone 65 (F) Optimal mini-
mized travel equilibrium costs for Origin zone 66 (G) Optimal

minimized travel equilibrium costs for Origin zone 67
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FIGURE 4.20: (A) Optimal maximized trip generation for Ori-
gin zone 33; (B)Optimal maximized trip generation for Origin
zone 34 (C) Optimal maximized trip generation for Origin zone
35 (D) Optimal maximized trip generation for Origin zone 38

(E) Optimal maximized trip generation for Origin zone 39
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FIGURE 4.21: (A) Optimal maximized trip generation for Ori-
gin zone 40; (B)Optimal maximized trip generation for Origin
zone 41 (C) Optimal maximized trip generation for Origin zone
42 (D) Optimal maximized trip generation for Origin zone 43

(E) Optimal maximized trip generation for Origin zone 47
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FIGURE 4.22: (A) Optimal maximized trip generation for Ori-
gin zone 61; (B)Optimal maximized trip generation for Origin
zone 62 (C) Optimal maximized trip generation for Origin zone
63 (D) Optimal maximized trip generation for Origin zone 64
(E) Optimal maximized trip generation for Origin zone 65 (F)
Optimal maximized trip generation for Origin zone 66 (G) Op-

timal maximized trip generation for Origin zone 67
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Chapter 5

Public transport vulnerability

analysis

5.1 Model implementation

This chapter includes the application of the extensive methodology formu-

lated in Chapter 3 on Public transportation networks (PuT) for the city of

Genoa, Italy, and Barcelona, Spain. Section 5.2 involves the definition of the

study area and the resources used for extracting the data to be adopted for

the analysis. The structural evaluation of the two networks is penned down

in Section 5.3 whereas the vulnerable components in the PuT networks of

Genoa and Barcelona are identified in Section 5.3.1. Section 5.4 involves the

impact of disruptions both with and without the inclusion of shared micro-

mobility services.

5.2 Real network application

The public transport network for the two cities is modeled in PTV Visum

and coded in MATLAB with real-world timetables. The transit network for

Barcelona follows a diagonal, horizontal, and vertical structural distribution

expanding on an area of 173km2. It covers the complete area of the metropoli-

tan city of Barcelona as shown in Figure 5.1, serving the demand (i.e. 3857856
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trips per day) via a transit system of 224 bus line routes and 6 tram lines out of

which the majority of bus lines are operated by TMB (Transports Metropoli-

tans de Barcelona) whereas some by Tusgsal, Monbus i Julia and Rosanbus.

The tram lines are operated by a joint venture TRAM. The considered net-

work of Barcelona consists of 8326 nodes, 22034 links, and 350 zones served

by 3164 transit stops and effective operational schedules around the year for

which the data is retrieved from (ATM) Autoritat del Transport Metropolita

Barcelona and TRAM. The metro lines for the city of Barcelona are not con-

sidered for the analysis. The bicycle sharing system considered for Barcelona

is known as Bicing, consisting of 509 sharing stations with a fleet of 7000

bicycles including a mix of electric and non-electric bicycles. The optimal

occupancy value for each sharing station at any time of the analysis period

is set to be 5. The analysis period is a normal working day from June for

Barcelona.

(A) (B)

FIGURE 5.1: (A) Barcelona PuT network in Visum (B) Line net-
work coded in MATLAB for Barcelona PuT

Similarly, The transit network for Genoa follows a more horizontal and

vertical structural distribution expanding on an area of 243km2. It covers

the complete area of the metropolitan city of Genoa as shown in Figure 5.2,

serving the demand (i.e. 199848 trips per day) via a transit system of 244

bus line routes and 1 metro line. The transit system of Genoa is operated
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by Azienda Mobilita e Trasporti (AMT). The considered network of Genoa

consists of 2494 nodes, 5898 links, and 72 zones served by 2463 transit stops

and operational schedules around the year for which the data is retrieved

from AMT. The bicycle sharing system considered is a pilot project known as

Zena managed by Genova Parcheggi, consisting of 16 sharing stations with

a fleet of 100 bicycles (74 electric and 26 pedal assisted) to traverse a total of

50km of cycle paths around the city. The optimal occupancy value for each

sharing station at any time of the analysis period is different depending upon

the maximum occupancy of each station. The analysis period is a normal

working day from August for Genoa.

(A) (B)

FIGURE 5.2: (A) Genoa PuT network in Visum (B) Line network
coded in MATLAB for Genoa PuT

The time-dependent dynamic demand matrix for all OD pairs is con-

nected to the public transit network via access nodes /stops. Initially, the

demand is simulated for a warm-up period of the morning peak hour (8 :

00 am˘9 : 00 am) based on the dynamic share of 8.68% and 8.34% of demand

for Barcelona and Genoa respectively as mentioned in Table 5.1 & 5.2. Later,

a stop-based passenger demand matrix is deduced using a relational trip dis-

tribution procedure for the original zonal passenger demand matrices. The

aim of deducing such a detailed stop-to-stop matrix is to precisely calculate

the usage of micro-mobility at the top level in case of random disruptions
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thus revealing precise and realistic results for network performance in terms

of vulnerabilities.

TABLE 5.1: Dynamic time series-based demand for Barcelona

Start time End time Weightage Demand share Accumulated share
05:00:00 06:00:00 0.951212 0.90% 0.90%
06:00:00 07:00:00 3.09911 2.94% 3.85%
07:00:00 08:00:00 8.131329 7.72% 11.57%
08:00:00 09:00:00 9.143909 8.68% 20.25%
09:00:00 10:00:00 5.492482 5.22% 25.47%
10:00:00 11:00:00 4.510586 4.28% 29.75%
11:00:00 12:00:00 4.510586 4.28% 34.03%
12:00:00 13:00:00 5.523167 5.24% 39.28%
13:00:00 14:00:00 6.597116 6.26% 45.54%
14:00:00 15:00:00 7.517643 7.14% 52.68%
15:00:00 16:00:00 9.5 9.02% 61.70%
16:00:00 17:00:00 8.5 8.07% 69.77%
17:00:00 18:00:00 7.1 6.74% 76.52%
18:00:00 19:00:00 7.456275 7.08% 83.60%
19:00:00 20:00:00 6.535747 6.21% 89.80%
20:00:00 21:00:00 5.308377 5.04% 94.84%
21:00:00 22:00:00 3.221847 3.06% 97.90%
22:00:00 23:00:00 1.411476 1.34% 99.24%
23:00:00 00:00:00 0.797791 0.76% 100.00%

5.3 Network structural evaluation

In the case of normal operations without any disruptions, a base scenario

(S0) is set up. Commuter demand is extracted from the origin-destination

matrices for both cities courtesy of ATM di Barcelona and Comune di Gen-

ova. Later, this demand is assigned to the network following a time-table-

based assignment as explained in Chapter 3 yielding commuter load across

the network and perceived journey time relations. The branching resulted in
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TABLE 5.2: Dynamic time series-based demand for Genoa

Start time End time Weightage Demand share Accumulated share
00:00:00 01:00:00 0 0.00% 0.00%
01:00:00 02:00:00 0 0.00% 0.00%
02:00:00 03:00:00 0 0.00% 0.00%
03:00:00 04:00:00 0.245 0.22% 0.22%
04:00:00 05:00:00 1.2 1.09% 1.32%
05:00:00 06:00:00 1.9 1.73% 3.05%
06:00:00 07:00:00 3.09911 2.83% 5.88%
07:00:00 08:00:00 8.131329 7.42% 13.29%
08:00:00 09:00:00 9.143909 8.34% 21.63%
09:00:00 10:00:00 6.5 5.93% 27.56%
10:00:00 11:00:00 5.42 4.94% 32.50%
11:00:00 12:00:00 4.510586 4.11% 36.62%
12:00:00 13:00:00 5.523167 5.04% 41.65%
13:00:00 14:00:00 6.597116 6.02% 47.67%
14:00:00 15:00:00 7.517643 6.86% 54.53%
15:00:00 16:00:00 7.7 7.02% 61.55%
16:00:00 17:00:00 9.5 8.66% 70.21%
17:00:00 18:00:00 9 8.21% 78.42%
18:00:00 19:00:00 7.456275 6.80% 85.22%
19:00:00 20:00:00 6.535747 5.96% 91.18%
20:00:00 21:00:00 4.24 3.87% 95.05%
21:00:00 22:00:00 3.221847 2.94% 97.99%
22:00:00 23:00:00 1.411476 1.29% 99.27%
23:00:00 00:00:00 0.797791 0.73% 100.00%

349,977 alternative paths for the entire network of Barcelona whereas 31,906

for that of Genoa. The huge change is due to the major topographical differ-

ence between the two cities. Based on Bounding methods, favorable paths

are chosen to which the demand is assigned.

For the base scenario of normal operation, the mean perceived journey

time including the ride time, origin and transfer wait times and walk time

comes out to be 45 minutes for Barcelona whereas 60 minutes for Genoa. The

commuter flow characteristics are passed to the coded network for structural
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(A)

(B)

FIGURE 5.3: (A) Nodes hierarchy based on inward closeness
from other nodes for Barcelona (B) Nodes hierarchy based on

outward closeness from other nodes for Barcelona

evaluation of the network by using dynamic closeness and betweenness rela-

tionships for both nodes and links as explained earlier in Chapter 3. The eval-

uation of dynamic centrality for the network also takes into account vehicle

journeys. Since we have a directed line-based graph for the transit network

the collective identification of the vulnerable nodes is based on the weighted

in and out the closeness of the nodes as well as the betweenness for nodes

and links. As evident from Figure 5.3, the inward and outward closeness
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for nodal components are quite similar with high density towards the ele-

vated demand central areas of Barcelona whereas lower ranks towards the

outer city. Some high-rank patches in the middle are due to the commuter

trips around tourist attractions and shopping districts. Some of the well-

connected areas in the outskirts of the city are also shown to be with mod-

erate centrality rankings. Since the heat map is scaled in negative powers

of 10, so the components with the highest centrality are in the middle of the

heat scale with red color whereas the extremes (black and yellow) are with

the zero or lowest centrality respectively. Moreover, as in 5.4 (B), high rank-

ings of dynamic betweenness are observed for the links serving more than 5

transit lines for morning and evening peaks of commuter demand. This also

reflects the vehicle capacities as high commuter links are being served by the

articulated category of buses and tram lines. Again the high betweenness

links are marked with red on a grayscale map.

For the network of Genoa, given its horizontal network structure, the

high-ranking centrality components are along major arterials towards the

west-central and eastern sides of the city. However, the two major northern

arterials show moderate rankings of centrality even serving high demand

of commuters as can be visualized in Figure 5.5. The outward centrality of

nodes as in 5.5 (B) and betweenness centrality in 5.6 (A) describes a similar

trend where high-demand nodes depict higher centrality. Looking into the

dynamic betweenness of links, we can witness from the pictorial represen-

tation that the dynamic relation segregates high-ranking components of the

transit network along the two busiest rail stations of the city (Piazza Principe

and Brignole) as evident in Figure 5.6(B). Also, some of the higher central-

ity links are towards the two major arterials connecting the south and north

parts of the city. A collective picture reveals that in all the centrality mea-

sures most of the central components are present around the two major rail

stations and some around the airport area of Sestri Ponente.
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(A)

(B)

FIGURE 5.4: (A) Nodes hierarchy based on Betweenness for
Barcelona (B) Link hierarchy based on dynamic betweenness

5.3.1 Vulnerable components identification

Before skimming out the high-ranking central components of the network,

it is clusterized based on the evaluated centralities. As mentioned earlier,

the whole network does not retain the same characteristics therefore it is re-

quired to cluster the network from the lowest to the highest rank. The cen-

trality spread for nodes in the network of Barcelona is visualized in Figure

5.7(A) and the centrality spread for the links involved can be seen in Figure
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(A)

(B)

FIGURE 5.5: (A) Nodes hierarchy based on inward closeness
from other nodes for Genoa (B) Nodes hierarchy based on out-

ward closeness from other nodes for Genoa

5.8(A). It can be seen that there are some outliers, particularly in the central-

ity values of the nodes in the PuT network of Barcelona. These nodes are part

of the suburban PuT network which was not considered in this study thus

showing outlying values. Later, the validation is done for the most central

components to see whether they are part of high-rank central clusters of the

transit network or not. Following the K-means clustering method, separate

clustering is done based on the centrality of nodes and links. The network
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(A)

(B)

FIGURE 5.6: (A) Nodes hierarchy based on Betweenness for
Genoa (B) Link hierarchy based on dynamic betweenness

is divided into two clusters for the centrality values of nodes and into three

clusters based on the links’ centrality for the case of Barcelona as visualized

in Figure 5.7(B) & 5.8(B). The reason for considering the two and three clus-

ters for nodes and links respectively is due to the silhouette plot validation

that will be shown later.

In the case of Genoa, the centrality spread for nodes in the network is

visualized in Figure 5.9(A) and the centrality spread for the links involved



5.3. Network structural evaluation 125

(A)

(B)

FIGURE 5.7: (A) Weighted dynamic closeness nodal centrality
spread for Barcelona (B) Nodes grouped in 2 clusters

can be seen in Figure 5.10(A). It can be seen that there are some outliers,

particularly in the centrality values of the nodes in the PuT network of Gen-

ova. These nodes are particularly served by demand responsive PuT system

which was not considered in this study thus showing outlying values. Also,

a couple of outliers exist for the link’s centrality. The whole transit network

is divided into two clusters based on nodes centrality and five clusters based

on links centrality following the structural evaluation weighted by dynamic
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(A)

(B)

FIGURE 5.8: (A) Weighted dynamic betweenness link centrality
spread for Barcelona (B) Links grouped in 3 clusters

commuter demand as shown below in Figure 5.9(B) & 5.10(B). The best-

fit clusters for both nodes and links are identified based on their Silhouette

values extracted from Silhouette plots shown below in Figures 5.11 and 5.12.

The favorable mean Silhouette value for nodes and links clusters in Barcelona

is 0.7644 and 0.7598 whereas that for Genoa comes out to be 0.4717 and 0.5934

respectively. It can be seen in Figure 5.11(A) and 5.12(A) that some Silhou-

ette values are falling in the negative plane due to the outliers present in
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centrality values as explained previously. The reason for considering a par-

ticular number of clusters is this validation through Silhouette plots. Any

number of clusters above or below those we selected showed lower mean

silhouette values and a high amount of negativity.

(A)

(B)

FIGURE 5.9: (A) Weighted dynamic closeness nodal centrality
spread for Genoa (B) Nodes grouped in 2 clusters

The structural examination of the network of Barcelona reveals 5 central

nodes and 6 central links. The nodes belong to cluster 2 in the segmented

Barcelona network whereas the links belong to cluster 3. For Genoa, the
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(A)

(B)

FIGURE 5.10: (A) Weighted dynamic betweenness link central-
ity spread for Genoa (B) Links grouped in 5 clusters

number of central nodes comes out to be 6 and 4 central links with the high-

est centrality rankings. The nodes fall in cluster 2 whereas the links fall in

cluster 5 for the clustered transit network of Genoa. this again reveals that

the clusterization of the networks is a good fit. All the central components

come out to be at key locations with high demand and transfers available

for commuters. However, the complexity of alternative paths makes them

highly vulnerable. Also in the case of Genoa, some central links are present
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(A)

(B)

FIGURE 5.11: (A)Silhouette plot for k-mean clustering of nodes
of Barcelona (B) Silhouette plot for k-mean clustering of Links

of Barcelona

in such a topographic location that no alternative route for transit lines is

possible thus creating a complete halt situation. All the central components

for PuT networks of Barcelona and Genoa are penned down in Table 5.3.

Once highly central components of both transit networks are identified, the

k-nearest-neighbor method as defined in Chapter 3 is implied to identify the

neighboring components that are at risk of failure i.e. most critical not rely-

ing on proximity but the commuter load and spillover demand effect in case
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(A)

(B)

FIGURE 5.12: (A)Silhouette plot for k-mean clustering of nodes
of Genoa (B) Silhouette plot for k-mean clustering of Links of

Genoa

of disruptions on the vulnerable components. This reveals a complete pic-

ture of the most vulnerable components of the Barcelona transit network as

seen in Figure 5.13(A) for nodes and 5.13(B) for links. Similarly, the highly

vulnerable components in the transit network of Genoa are shown in Figure

5.14(A) for nodes and 5.14(B) for links.
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(A)

(B)

FIGURE 5.13: (A) High-ranked central nodes marked in red
for the Barcelona transit network (B) High-ranked central links

marked in red for the Barcelona transit network
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(A)

(B)

FIGURE 5.14: (A) High-ranked central nodes marked in red
for the Genoa transit network (B) High-ranked central links

marked in red for the Genoa transit network
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5.4 Impacts of disruptions

Following the final objective of this research laid down in Chapter 1, af-

ter identification of the central components of the public transit network in

Barcelona and Genoa, the next step is to analyze the impacts of disruptions

and assessment of vulnerability in presence of shared bicycle service as a

micro-mobility option.

According to the assumptions, the disruptions are short-term without any

replacement services by the operator. The details of random service disrup-

tion scenarios are mentioned in Chapter 3. A shared bicycle system option at

the disrupted segment could prove to be mitigation by allowing commuters

to reach their destination or the next nearest alternative. The simulative tran-

sit model considers a combination of various possibilities as mentioned in

Chapter 3 compared to the base scenario (S0). For each scenario 13 simula-

tive iterations were executed taking 55 minutes each scenario on a system

of Core i7-8565U CPU @ 1.80GHz and 8GB RAM. This yielded a maximum

divergence of the solution down to 0.001.

The disruptions impose longer wait times increasing the disutility of com-

muters in the case of Barcelona. In only the S1 scenario where there is no

re-routing of the disrupted lines, the commuter’s disutility CDr(t,t+1) (S1,0)

increased by 3.93 %. However, when disrupted segments force the public

transit lines to re-route their course skipping the stops, the rise in CDr(t,t+1)

(S2,0) is 4.94% as compared to normal operations. The provision of the micro-

mobility option cast a positive impact on CDr(t,t+1). It can be seen from Ta-

ble 5.4 that for S0, the provision of micro-mobility in three different patterns

(B1, B2, B3) the CD is reduced to -2.9 with perceived journey time decreased

by 7.14%.

For disruptive scenario S1, the perceived journey time increase from 1.4

to 6.7% in case of disruptions whereas the provision of the micro-mobility
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option reduces the disutility from 1.48 to an improvement of -1.87%, this

negative sign shows that the provision of micro-mobility even improved the

commuter’s utility as compared to normal operations by reducing the disu-

tility. For the disruptive scenario of S2, the perceived journey time increase

from 1.7 to 9.4% whereas the commuter’s disutility increases from 2.7 to a

hefty 50.3%. Similarly, the mean journey distance in S1 increased from 1.42

to 3.3% in all combinations (S, B) whereas, in the case of S2, the mean jour-

ney distance in S1 increased from 1.26 to 9.5% in all combinations (S, B). it is

interesting to note that in S2 the provision combination of micro-mobility is

worsening the situation as the commuter’s disutility increases from 3..98 to

5.822.

As shown in Table 5.4 the spillover effects are also interesting to note in

all the combinations of disruptions and micro-mobility usage scenarios. As

compared to normal operations for S1, the spillover effect in the surrounding

network ranges from 7.8 to 28.8% whereas, for S2, the spillover effect has a

higher range from 19.1 to 37%. This justifies the commuter’s disutility in-

crease in S2 as seen earlier. To be precise with impacts on commuters and

the system itself, it can be seen that the average journey time in the base sce-

nario under normal conditions in the case of Barcelona is around 45 minutes

including the stop access, waiting, and ride times together with the walking

time at the transfer stop. The provision and usage of shared bicycle systems

under normal operations improve the average journey time to 42 minutes

yielding an improvement of almost 7%. As anticipated, the random disrup-

tions in service and operations result in extended journey times either due

to alighting to/ boarding from non-actual origin/destination stop. The dis-

ruptions without any mitigation increase the travel time to 49 minutes for

the same OD pair in a standard rush hour generating additional commuter

hours. This forces them to divert from their original planned path creating a



136 Chapter 5. Public transport vulnerability analysis

spillover effect by induced demand on neighboring central components re-

sulting in increased complexity. Again this depends on the OD pair for each

passenger. In the case of S1, the average journey times increase to 48 min-

utes with partial mitigation whereas reduced to 45 minutes in presence of

a fully available shared bicycle system thus the share of commuters taking

trips between 40min and 60 min increased from 7% to 11.2% for Barcelona,

1% of trips correspond to 2,971 commuters. Also, in the case of S1, a group of

commuters benefits from disruptions in the form of fewer crowds and high

reliability in the arrival times of transit.

In the case of Genoa, the random service disruptions impose extended

wait times increasing the disutility of commuters. In scenario S1 where there

is no re-routing of the disrupted lines, the commuter’s disutility CDr(t,t+1)

(S1,0) increased by 5.3%. However, when disrupted segments force the pub-

lic transit lines to re-route their course skipping the stops, the rise in CDr(t,t+1)

(S2,0) is 5.38% as compared to normal operations. The provision of the micro-

mobility option cast a positive impact on CDr(t,t+1). It can be seen from

Table 5.5 that for S0, the provision of micro-mobility in three different pat-

terns (B1, B2, B3) the CD is reduced to 3.21% with perceived journey time

decreased by 4.41%.

For disruptive scenario S1, the perceived journey time increase from 0.33

to 12.2% in case of disruptions whereas the provision of the micro-mobility

option reduces the disutility from 1.25 to an improvement of 0.1%, the nega-

tive sign shows that the provision of micro-mobility even improved the pas-

senger’s utility as compared to normal operations by reducing the disutility.

For the disruptive scenario of S2, the perceived journey time increase from

0.58 to 9.8% whereas the relative change in commuter’s disutility increases

from 0.03 to 1.2%. Similarly, the mean journey distance in S1 increased from

2.1 to 2.8% in all combinations (S, B) whereas, in the case of S2, the mean

journey distance in S1 increased from 1.9 to 7.7% in all combinations (S, B).
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it is interesting to note that in all scenario combinations that the provision

of partial micro-mobility is worsening the situation as the commuter’s disu-

tility increases. Another important thing to note is that this provision is not

significantly affecting the disutility of commuters.

As compared to normal operations for S1, the spillover effect as witnessed

in Table 5.5 in the surrounding network ranges from 4.3 to 28.3% whereas,

for S2, the spillover effect has a higher range from 12.5 to 31.4%. To be pre-

cise with impacts on commuters and the system itself, it can be seen that the

average journey time in the base scenario under normal conditions in the

case of Genoa is around 59 minutes including the stop access, waiting, and

ride times together with the walking time at the transfer stop. The provi-

sion and usage of shared bicycle systems under normal operations improve

the average journey time to 57 minutes yielding an improvement of almost

4%. As anticipated, the random disruptions in service and operations result

in extended journey times either due to alighting to/ boarding from non-

actual origin/destination stop. The disruptions without any mitigation in-

crease the travel time to 66 minutes for the same OD pair in a standard rush

hour generating additional commuter hours. This forces them to divert from

their original planned path creating a spill-over effect by induced demand

on neighboring central components resulting in increased complexity. Again

this depends on the OD pair for each passenger. In the case of S1, the av-

erage journey times increase to 67 minutes with partial mitigation whereas

reduced to 60 minutes in presence of a fully available shared bicycle system

thus the share of commuters taking trips between 55min to 75 min increased

from 4% to 22%. for Genoa, 1% of trips correspond to 1059 commuters. Also,

in the case of S1, a group of commuters benefits from disruptions in the form

of fewer crowds and high reliability in the arrival times of transit.
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5.5 Conclusions

This detailed analysis and comparison of two completely different cities ful-

fill the purpose of attaining the objective laid in Chapter 1. The stochasticity

of this proposed methodology reveals a realistic complete situation of the

multi-modal transit networks of Barcelona and Genoa under different dis-

ruption scenarios with and without mitigation by the provision of a shared

bicycle as a micro-mobility option. This also results in the most affected links,

lines, and stops apart from the disrupted ones thus revealing the spillover ef-

fect too. The analysis of the obtained results shows appreciable results and

decrement in the vulnerability of the transit network when micro-mobility is

integrated. However, looking at the second scenario of disruption the com-

plete combination of micro-mobility (S2, B3) for Barcelona and (S2, B1-3) for

Genoa reveals that the commuter’s disutility further worsens as compared

to the previous combinations. This implies that the accurate provision of

micro-mobility is also important. This further widens our research question

what locations of the network do the sharing station occupancies need to be

upgraded/downgraded? Moreover, how often should the relocation opera-

tions be done? The disturbance in the network is getting worse even with

the inclusion of micro-mobility also suggests that not every journey can be

mitigated via this method. With the revelation of this analysis, it is evident

that research in this regard has high importance and relevance in the present

time not only related to the impacts of micro-mobility on public transporta-

tion networks but also to attain the answer related to the optimal location

and occupancy of the sharing stations.
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Chapter 6

Conclusions

This chapter consists of the major conclusions drawn through this extensive

research work. It also points out the answer to specific research questions

raised in Chapter 1 and an explanation of how this research fills some of the

skimmed gaps in Chapter 2. Finally, it composes and converges the com-

pound impacts of the new forms of mobility on the transportation systems

and limitations of this research leading to the recommendations for future

work.

6.1 Potential impacts of the introduction of AVs

A pervasive review of the state-of-the-art in Chapter 2 revealed several stats

on the impact of connected and automated vehicles on transportation net-

work performances, traffic flow, and urban road network capacities. One

way or another the stats are accepted and understood. Yet the limitation

of those studies in terms of user-oriented evaluation, a realistic approach to

quantify the amount of these new forms of vehicles to be introduced into the

network and their consequent effects on travel equilibrium costs are miss-

ing. This research paved the way to explore and answer the maximum of

possibility these questions related to the gaps identified relating to:

• Importance of demographic, road network, and land use factors in quan-

tifying the penetration rate of AVs.
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• Effect of physical and functional characteristics of urban road networks

on capacity and travel time-flow relationships for heterogeneous traffic

streams.

• The aftermath of inclusion of AVs into the network on inequity in terms

of travel equilibrium costs.

Major conclusions were drawn and are reported below after applying the

formulated methodology in Chapter 3 in the context of underlying assump-

tions.

6.1.1 Private transportation network performance and traffic

flows

One of the first gaps identified in the current state-of-the-art is related to

the realistic penetration rate of AVs used to evaluate their impacts on traffic

flows and transportation network performances. The first question raised in

Chapter 2 in this regard is:

• How do various demographic, road network, and land use factors gov-

ern the quantification of the penetration rate of AVs?

Concerning the first objective and question raised, an answer to the question

is given following the methodology formulated in Chapter 3. A realistically

quantified penetration rate of AVs is derived from a multiple indicators sys-

tem to synthesize seven different indices using user socio-demographical,

land usage, and road network characteristics. These indices relate to the

adaptation of AVs in a system instead of including them as a random per-

centage. Then by sensitively analyzing each index for its impact on the pene-

tration rate and comparing it using the quantile approach, the realistic value

of AVs is determined which comes out to be a range of 25-35% keeping in

view 0% AVs in the current year and projection for the indices for the next 15



6.1. Potential impacts of the introduction of AVs 143

years. Moreover, this value is based on vehicle ownership and readiness to

buy a new vehicle.

The next objective laid is to interpret the impacts of AVs on the network

performances under a quantified penetration rate. For that the question raised

is:

• How do the physical and functional characteristics of urban road net-

work influence the capacity and travel time flow relationship in pres-

ence of a realistically quantified amount of AVs?

Moving on to our second objective and question, the derived penetration rate

is introduced into the network supply model set up to investigate the im-

pacts. The increment in usage of AVs generates a heterogenous traffic stream

increasing the capacity of an urban link by 35% to 59% as compared to the

only TVs scenario. However, any induced demand to occupy that capac-

ity will reduce the critical speed but prolong the un-saturated condition of

the network. As can be seen from saturation grade in heterogeneous stream

vehicles are moving with higher critical speed. This increment in capacity

has a positive impact on the travel time of vehicles where the travel time to

cover the urban road link is reduced in presence of a heterogeneous traffic

stream. The presence of a physical median between opposite-direction traffic

has an impact of 7-10% on travel times. Decrement in useful road width due

to the presence of parallel parking has a direct impact on travel time yet het-

erogeneous traffic stream cast positive results as compared to the only TVs

scenario. A similar, trend is witnessed for the number of pedestrian cross-

ings, external disturbances, and tortuosity of the road network causing an

increment in travel times.
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6.1.2 Equillibrium shift in travel equilibrium costs

The third objective is to figure out the impressions of introducing AVs on

inequity in terms of travel equilibrium costs. In this regard a question is

raised:

• How the increased trip generation on the introduction of a quantified

amount of AVs will result in inequity from the different equilibrium in

travel costs among various travel zones?

The quantified penetration rate of AVs is used in the formulated convex min-

imization problem which is a lower level of the bi-level optimization model.

The presented bi-level optimization model is solved using a genetic algo-

rithm that addresses the inequity among the travel zones on the introduction

of AVs into the network by sensing the deviation in travel equilibrium costs

for each OD pair. Also, governs the maximum amount of new demand that

can be produced by each origin zone. Under different upper bounds for in-

equity, it was found that the most optimal travel equilibrium costs and newly

generated demand are for the upper bound of 1.09. Not only this but a de-

tailed analysis of the optimal curves for each origin zone and every OD pair

explicitly shows that with a steady growth of trips there is a possibility of

decrement in travel equilibrium costs for some zones. Not every zone shows

the optimal values for a single upper bound of inequity. This reveals the im-

portance of micro-level planning for urban and transportation development.

6.1.3 Limitations and future recommendations

As an evolving area of study and constant technology development, there is

scope for advancement and more detailed micro-research. Nothing is always

perfect, and this is notably legitimate for the area of transport planning and

operations. This research study also has limitations that open an invitation

for recommendations to carry out future work in this regard.
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The first limitation is related to the penetration rate. The devised pene-

tration rate index QEAV value for the current year corresponds to the pene-

tration rate of 25%. But the current presence of AVs is much lesser than that

yet not 0% because many manufacturers are providing some features that

correspond to the Level 1 and 2 AVs in their high-end premium vehicles.

However, this study is limited in incorporating the exact amount of vehicles

being used by the general public as it must involve the relevant vehicle regis-

tration department. Nevertheless, future work can give more precise results

thus validating the theoretical current value of QEAV depending upon the

data obtained from the concerned vehicle registration department.

Secondly, this research is limited in terms of considering the AVs-ready

infrastructure e.g. signal controls and AVs-ready intersections. Also, data

from user adaptation surveys can be incorporated to quantify the penetration

rate in a more synchronized manner.

Another possibility to make the results more accurate is by incorporat-

ing the interaction of AVs with other AVs, vehicles, infrastructure as well as

micro-mobility users, and pedestrians revealing a complete picture of their

possible implications on the performances of private transportation networks.

6.2 Public transport network vulnerability

A detailed review of the state-of-the-art in Chapter 2 on interaction and im-

pacts of micro-mobility services on the public transportation networks is

penned. Since the pandemic, this new form of mobility attracted many gov-

ernments to understand the view that this mobility method contributes to

more inclusive, liveable, and sustainable cities. A huge amount of literature

is reviewed analyzing the interactions of micro-mobility modes with pub-

lic transportation networks yet, they were limited in terms of evaluating the

impacts both positive and negative in the scenario of random disruptions in
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services of public transportation systems. This research paved the way to ex-

plore and answer the maximum of possibility these questions related to the

gaps identified relating to:

• The importance of dynamic centrality measures in identifying the most

critical components of the PuT system as well as the nearest neighbors

at risk of failure.

• The vulnerability of these critical components with and without the

provision of micro-mobility services.

• The impact of cityscape, topography, and effective provision of shared

micro-mobility services to enhance the performance of PuT systems.

Major conclusions were drawn and are reported below after applying the

formulated methodology in Chapter 3 in the context of underlying assump-

tions.

6.2.1 Network evaluation

A detailed review of the existing literature in Chapter 2 leads us to formulate

the fourth objective as well as the question to be answered related to the

network’s structural evaluation and identification of vulnerable components.

The question raised:

• How do dynamic centrality measures help identify the most critical

components of the network and most stressed neighbors?

An integrated public transport model is set up taking into account the dy-

namic and time-dependent commuter demand. The shared bicycle model is

integrated into the public transport model considering the precision of rent-

ing or parking rejection. Dynamic OD demand is assigned to the network

based on a timetable-based assignment method. This leads to identifying
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critical components of the network following dynamic centrality relations

fed into mixed unsupervised and supervised machine learning approaches.

A total of 6 most critical nodes and 5 links are identified for the PuT network

of Barcelona. Similarly, for Genoa, 6 critical nodes and 4 links are identified.

later, Knn is used as explained in Chapter 3 to identify the most vulnerable

neighbors giving us a complete picture of the most vulnerable components

in the two PuT networks.

6.2.2 Vulnerability of components against random disruptions

Moving forward, the fifth objective of evaluating the performance of the PuT

system under the occurrence of random service disruptions at the critical

components to assess the vulnerability is attained. The question raised:

• How do electric/non-electric micro-mobility modes affect the public

transport network vulnerability in a scenario of random disruptions?

Devising an answer to the raised question is an application of formulated

methodology on two different PuT networks for the city of Genoa and Barcelona.

Several short-term disruption scenarios were modeled at the critical compo-

nents of the network revealing the vulnerability of the transit network in

terms of commuters’ disutility to travel with and without the provision of

a shared micro-mobility system which in our case was a shared bicycle sys-

tem. In various scenarios, the provision of a micro-mobility system decreased

the perceived journey time by 7.14% for the case of Barcelona improving the

commuter’s disutility even more than the base scenario without disruption.

Also, causing a massive spill-over effect on the nearest operational neighbors

by 37%. In the case of Genoa, similar trends were observed. a decrement of

4.41% in perceived journey time while improving the disutility to 0.1%. The

spill-over effect ranges from 12.5% to 31.4% in various scenarios.

Finally, the sixth question raised in lieu of the objective of this research is:
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• How does cityscape and provision of effective shared micro-mobility

systems improve the performance of public transport networks?

Looking at the second scenario of disruption the complete combination of

micro-mobility (S2, B3) for Barcelona and (S2, B1-3) for Genoa reveals that

the commuter’s disutility further worsens as compared to the previous com-

binations. This implies that the accurate provision of micro-mobility is also

important. Although the shared bicycle system of Barcelona is very vast with

an enormous fleet, albeit, at some of the critical locations it failed to mitigate

the vulnerable situations. This is mainly due to the inaccurate amount of

infrastructure provision and planning of re-positioning of the fleet. In the

case of Genoa, the system is in the pilot phase thus with a limited fleet but

at the most critical point e.g. Via Gramsci, it is unable to mitigate the situa-

tion due to the lack of placement of shared stations, the nature of traffic, al-

most impossible availability of re-routing of the commuters trip to reach the

destination. This clearly reveals the fact that planning the provision while

keeping in view the topography and limitation of the network is highly im-

portant. Otherwise, instead of mitigation, the provision will start to generate

a chaotic situation.

6.2.3 Limitations and future recommendations

Certainly, the integration of micro-mobility with public transport generates

interesting facts and impacts overall user mobility but the absence of its im-

pacts on the whole public transport network in terms of vulnerability as-

sessment paves way for carrying out this research answering the important

questions to fill the gap of current literature.

However, the facts revealed in attaining the last objective further widen

the area to look at, what locations of the network do the sharing station oc-

cupancies need to be upgraded/downgraded. Moreover, how often should
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the relocation operations be done? The disturbance in the network is getting

worse even with the inclusion of micro-mobility also suggests that not every

journey can be mitigated via this method. The research is limited in terms of

the optimal location and occupancy of the sharing stations.

It would certainly be useful in future work where we need to identify the

reasons as well as mitigation for the back flux effect of the micro-mobility

provision in case of disruptions. On the other hand, for normal operation

scenarios, the decreased disutility shows us that micro-mobility integration

with public transportation services is certainly a fruitful option and cities

should move towards this sustainable option. However, the planning should

consider user preferences, topography and cityscape, and dynamic demand

patterns.
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