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ABSTRACT

The promotion of sustainable transportation modes, such as cycling, has become
a crucial aspect of urban planning and design. Designing an efficient bicycle net-
work is a complex optimization problem that requires the analysis of various factors,
including infrastructure layout, connectivity, safety, and accessibility. Moreover, the
fastest routes are not always the preferred options for cyclists, who may consider mul-
tiple criteria when choosing routes from their origins to their destinations. Therefore,
this research aims to propose an optimization strategy for evaluating and designing
bicycle networks, increasing, consequently, bicycle use in the cities. The proposed
strategy is validated through experiments using real-world data collected from the

bicycle network in the city of Parma, Italy.

The problem addressed in this research can be divided into the following two
parts. First, we conduct an analysis to identify cyclists’ preferences regarding a set
of road characteristics, namely route length, safety, and practicability. Based on these
preferences, cyclists can be categorized into different profiles, each associated with
specific weights they assign to these characteristics when selecting routes. To this
end, we propose two mathematical formulations and corresponding algorithms, de-
pending on the type of data used in the identification process. One formulation is
applied when cyclist flow data are known. These flows can be collected, for instance,
from cameras across the city. The other formulation is used when cyclists’ paths for
a set of origin and destination pairs are available. This type of information can be ob-
tained, for example, through bike-sharing services. The proposed formulations and
algorithms were validated using both randomly generated data and real-world data

from Parma.
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Next, given a set of possible interventions in the bicycle network (e.g., construct-
ing new bicycle lanes, improving the quality of existing ones, etc.) and the cyclist
profiles identified in the first part of the problem, we select the best combination of
interventions that minimizes the overall cost perceived by the cyclists traveling be-
tween different origins and destinations. The selection of interventions is subject to
demand fulfillment and budget constraints. To address this problem, we propose a
mixed-integer linear programming formulation and a set of optimization methods,
including a branch-and-bound algorithm, two heuristics based on solving knapsack
problems using dynamic programming, and an enumeration mechanism. Computa-
tional experiments were conducted using both randomly generated and real-world
instances, the latter based on data collected from Parma. The city was represented
as a graph comprising more than 40,000 nodes and 95,000 arcs. An intervention set
of 10 intervention types was defined, with each type including multiple interventions
affecting different regions of the city. The results demonstrated that the proposed
approaches efficiently solve the studied problem and provide valuable managerial
insights.

Finally, as an ongoing work, we aim to develop a strategy to analyze the im-
pact of the proposed interventions on motorized vehicle users. Given the previously
identified cyclist profiles in Parma and the set of possible interventions to the city’s
cycling network, the goal is to determine the most effective interventions to imple-
ment, considering not only the overall cost perceived by cyclists but also the effects
on motorized traffic.

Keywords: Bicycle network design. Identification of cyclists’ route choice criteria.

Combinatorial optimization. Parma cycling network.
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Chapter 1

Introduction

This research proposes the application of optimization strategies to address two key
problems related to bicycle networks. The first concerns the evaluation of cycling
networks by identifying cyclists’ route choice behavior. The second, based on the
estimated behavior, focuses on improving the quality of existing bicycle networks
or designing new ones where they do not yet exist, to better accommodate cyclists’
preferences and promote increased bicycle use. In both cases, the network is modeled

as a graph, where arcs represent road segments and nodes correspond to intersections.

The goal of the first problem is to understand how bicycle users choose their
routes. Indeed, they are not merely concerned with minimizing travel distance, but
are also influenced by other factors, such as road safety and environmental consider-
ations. Hence, the problem consists in identifying the cyclists’ preferences (referred
to as cyclists’ weights) for a set of road characteristics, including distance, safety, and
practicability, and in determining the fraction of users associated with each weight.
As a result, the costs of the arcs in the graph representing the network are expressed
as a convex combination of costs associated with the considered road characteristics,
called basic costs, weighted by cyclists’ preferences for those characteristics. Note
that the identification is based either on traffic flow observations on (a subset of) the

network arcs or on the knowledge of a set of paths followed by a sample of users.

The second problem refers to selecting, from a set of possible interventions that
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can be applied to the cycling network, those that minimize the perceived cost for
cyclists. Examples of these interventions include building new bicycle lanes or paths,
improving the pavement quality of existing lanes, and other similar actions. This
selection considers the set of road features and cyclists’ preferences for such features

estimated on the previous problem, subject to budget and demand constraints.

The relevance of studying cycling networks is evidenced by the extensive liter-
ature on the topic. In recent years, cycling has become one of the most widely used
sustainable modes of transport, as it produces no pollution and contributes to improv-
ing quality of life [72]. Consequently, research on cycling network design is essen-
tial for governments and companies aiming to implement well-planned infrastructure

within real-world constraints.

Example of works addressing problems related to bicycle networks can be found
in Laporte et al. [61, 62], who surveyed the literature on station location, fleet dimen-
sioning, station sizing, rebalancing incentives, and vehicle repositioning in station-
based car and bicycle sharing systems. Other surveys, such as those by Buehler and
Dill [15] and Cueva et al. [25], focused on cycling levels and on the key factors in-
fluencing the design of bike-sharing systems, respectively. In addition, an important
classification was proposed by Shui and Szeto [106], who categorized all problems
related to bicycle-sharing systems, referred to as bicycle-sharing service planning

problems, into three levels: strategic, tactical, and operational (see Figure 1.1).

The strategic level focuses on long-term decisions regarding network infrastruc-
ture, such as bikeway design, bicycle station planning, and fleet sizing. The tactical
level involves decisions related to maintaining the efficiency of the bicycle-sharing
system, while the operational level concerns its daily operations. One example of an
optimization problem related to the tactical and operational levels is the bicycle relo-
cation problem [14], which is considered tactical when dealing with static relocation,
and operational when the decisions to move bicycles among the pickup and drop-off
points are made dynamically.

Given the above, both problems addressed in this research belong to the strate-
gic level of bicycle-sharing service planning, as they are related to the infrastructural

planning of bicycle networks. Therefore, the main contributions of this research are
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Figure 1.1: Classification schema proposed by Shui and Szeto [106].

presented separately for each problem, with the contributions related to the first prob-

lem listed as follows.

¢ For the scenario where identification is based on traffic flow observations, we
propose a flow-based mathematical formulation that minimizes the error be-
tween calculated and observed arc flows. In this model, cyclists’ weights are
estimated not from route choice observations, but considering only observed

flows.

* For the scenario where identification is based on the knowledge of a set of
paths, we introduce a trajectory-based mathematical formulation that mini-
mizes the cost difference between the observed routes and the minimum-cost

paths for each OD pair.

» We extend the flow-based and path-based formulations by introducing a stochas-
tic component into the definition of the basic costs, to account for the hetero-

geneous perception of road features among different users.



4 Chapter 1. Introduction

An advantage of the flow-based formulation is that it requires observations from
only a subset of the network (a subset of arcs), which can be obtained, for example,
via strategically placed cameras in the city. Another advantage is its broader represen-
tation of the cycling population, as it includes all cyclists traveling on the observed
roads, not just users of specific mobile applications or survey respondents.

Regarding the trajectory-based formulation, similar to path-based logit models, it
requires knowledge of observed and alternative routes. Unlike those models, which
depend on choice set generation algorithms to construct alternatives, these routes
are generated implicitly in the proposed formulation, by solving multiple shortest-
path (SP) problems between the same OD pairs with different cost values. These
alternative routes arise from the different weights assigned by cyclists and from the
fact that basic costs are modeled as random variables, for which sampled values lead
to the identification of different SPs, even within the same user group.

For the second problem, the main contributions of this research are:

* We introduce a mathematical formulation that selects the optimal combination
of interventions within a given budget, minimizing the total cost perceived by
cyclists (i.e., maximizing the perceived quality of the cycling network) while
accounting for a set of road characteristics and cyclists’ weights.

* We propose two exact approaches to solve the mathematical formulation. The
first method is a simple complete enumeration technique that is able to return
an optimal solution but is computationally demanding. It can also be inter-
preted as a dynamic programming (DP) algorithm without a dominance rule
among the states. The second method is a branch-and-bound (BB) framework

that efficiently tackles large-size instances.

* We develop two heuristics based on the dynamic programming method for
solving the classic knapsack problem. In both approaches, each intervention is

treated as an item of a knapsack.

* We derive managerial insights from computational experiments with real data

from the city of Parma, Italy, containing nearly 45,000 nodes and 100,000 arcs.
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In the proposed exact approaches, each DP state or BB node is associated with
a subset of interventions, and generating a new state or node implies adding or re-
moving one intervention from this subset, respectively. Since the choice of which
intervention to remove is fundamental to the performance of the BB method, we ex-
plore two branching strategies, binary and non-binary branching, and, in the former
case, introduce different criteria for selecting the intervention to remove, based on the
parameters of the problem. A comparison among them is performed to identify the
combination of strategies that results in the best performance regarding CPU time.

The heuristic procedures differ in how the item profits are calculated and in the
number of knapsack problem instances that must be solved. Our experiments revealed
that both are capable of achieving high quality solutions but one outperforms the other
in terms of CPU time. In addition, the primal bounds obtained by the heuristics are
used as a warm start for the BB method. As indicated in Appendix E, the performance
of the BB method is not significantly dependent on the warm start, suggesting that
the method delivers reliable performance even when no strong initial upper bounds
are provided.

It is worth noting that the benchmark based on data from Parma was developed in
collaboration with a group of architects from the University of Parma, who conducted
an extensive study on inspection-based cycling indicators, providing quantitative val-
ues for qualitative road features such as safety indices and practicability scores.

This thesis is structured as follows:

* Chapter 2 presents a literature review related to the studied problems, includ-
ing works on route choice models and on inverse optimization, approaches
used to estimate route choice behavior; and an extensive review on the main

approaches used in cycling networks problems.

e Chapter 3 defines the problem of identifying cyclists’ route choice behav-
ior, introducing both flow-based and path-based formulations, the solution ap-
proaches used, and the computation experiments performed with synthetic and

real data collected from Parma.

* Chapter 4 addresses the problem of selecting interventions under budget con-
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straints to minimize cyclists’ perceived costs, presenting the mathematical for-
mulation, the two exact approaches, and the two heuristics based on dynamic
programming for the knapsack problem. Moreover, this chapter also presents
the computational experiments conducted using both generated and real-world

instances, the latter corresponding to Parma.

Chapter 5 introduces an ongoing work that extends the problem addressed in
Chapter 4. In this extension, interventions applied to the cycling network not
only benefit cyclists but also negatively affect motorized traffic users by in-
creasing their perceived costs. Therefore, the selection of the best intervention
combinations considers the trade-off between the two types of users in terms

of cost minimization.

Chapter 6 provides the concluding remarks of this research and discusses per-

spectives for future work.



Chapter 2

Literature review

This chapter presents a literature review on problems related to cycling network plan-
ning. Section 2.1 describes the main methodologies used to estimate cyclists’ route
choice behavior, which corresponds to the problem addressed in Chapter 3. Section
2.2 covers bikeway network planning, which relates to the problem tackled in Chapter
4, as well as approaches for managing multimodal networks in the context of network

design.

2.1 Route choice behavior

Many factors influence cyclists’ route choices in urban networks. Studies show that
distance is not the sole objective function that cyclists wish to minimize when choos-
ing their routes [15, 96]. For instance, Howard and Burns[52] show that the presence
(or absence) of bike facilities has a significant influence on cyclists’ route choices.
Therefore, it is fundamental to establish quantitative methods for assessing qualita-
tive features of road networks from the cyclist’s perspective. One such approach is
the Bicycle Level of Service (BLOS) [31], whose purpose is to assign quantitative
values to several aspects of a road segment, according to cyclist—tailored metrics.

In the following decades, similar concepts were proposed, such as the Bicycle

Compatibility Index (BCI) [49], which focuses on assessing the coexistence of motor
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vehicles and bicycles along roadways, and the concept of bikeability [120], which
evaluates how a road network promotes (or discourages) the use of bikes. More
recently, Weikl and Mayer[118] proposed a data-driven methodology to assess the
quality of cycling networks, evaluating it with respect to safety, comfort, directness,
coherence, and attractiveness. Each criterion is associated with sub-criteria and indi-
cators, which are further divided into local, route, and network-level indicators. These
sub-criteria and indicators are combined and weighted to define a score for each cri-
terion and an overall score for the network quality. Furthermore, Grisiute et al.[43]
present an ontology-based approach to structure and unify the various metrics used
to evaluate cycling networks.

After defining methodologies to quantify the road attributes, the next step is to
understand how these attributes are perceived by different cyclists and how they in-
fluence the route choice process. Route choice models are essential for investigating
how travelers select paths through a transportation network, identifying which of
routes are likely to be chosen based on a utility-maximization or cost-minimization
process [11]. Hence, we present a summary of the literature on some classes of route
choice models, namely logit models (Section 2.1.1) and latent class logit models
(Section 2.1.2). In addition, we point out some examples of studies that use inverse

optimization for estimating route choice behavior (Section 2.1.3).

2.1.1 Logit models

The Multinomial Logit (MNL) model is one of the most commonly used route choice
models. It associates to each arc an utility function, composed by a sum of a deter-
ministic quantity and a random variable. The random variables associated to different
arcs are independent and identically distributed. However, a key limitation of MNL
models is that they do not account for similarity among alternatives [92]. To address
this issue, Cascetta et al.[19] propose the C-logit model, which introduces a common-
ality factor to measure the degree of similarity among route alternatives. Similarly,
Ben-Akiva and Bierlaire[9] developed the Path-Size Logit (PSL) model, which incor-
porates a correction factor, named path-size factor, to reduce the choice probabilities

of paths with extensive overlap.
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MNL and PSL models have been widely applied to real-world cycling networks
around the world, including cities such as Zurich, Switzerland [81, 79]; Seattle,
United States [20]; Copenhagen, Denmark [93]; Winnipeg, Canada [103]; and Helsinki,
Finland [58], among others. Examples of input data used to analyze cyclists’ route
choices include GPS data on cycling trajectories, collected through mobile applica-
tions, as well as preference surveys, conducted among bike-sharing users [97].

These models can be classified as path-based models, as they require both ob-
served and alternative routes to estimate model parameters [80]. Due to the impossi-
bility of enumerating all possible paths, especially in large networks, algorithms are
employed to generate a representative and computationally feasible set of alternative

routes.

Two commonly used algorithms for choice set generation are the Breadth-First
Search with Link Elimination (BFSLE) algorithm [101] and the Labeling algorithm
[10]. More recently, Ton et al.[113] proposed a Data-Driven for Path Identification
(DDPI) approach, which constructs the choice set by aggregating all unique observed
routes for origin-destination (OD) pairs using GPS data from Amsterdam, Nether-
lands. Another choice set generation procedure was developed by Lu et al.[73], who
use GPS trajectory data from the bike-sharing system Social Bicycles in Hamilton,
Canada. In their approach, bike trips were grouped by OD pairs, and a map-matching
algorithm based on geographic information systems was applied to generate routes

for each pair, taking into account several route attributes.

An alternative to traditional PSL models is considered by Sobhani et al.[107],
who developed an approach that combines the Metropolis-Hastings (MH) method
for alternative route choice set generation with the Expanded Path-Size Logit (EPSL)
model introduced by Frejinger et al.[36]. Unlike traditional PSL models, the EPSL
also accounts for the influence of non-sampled paths when correcting for overlap
between alternative routes.

To overcome the need for generating a set of alternative routes, Fosgerau et al.[34]
proposed the first connection between link-based route choice model and MNL mod-
els, by developing the Recursive Logit (RL) model. In this model, a route is repre-

sented as a sequence of link choices, where each choice maximizes a utility function,
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and the probability of choosing a link is determined using the MNL model. The main
advantage of this approach over path-based models is that it computes utilities and
choice probabilities recursively at the link level, making path enumeration or sam-
pling unnecessary.

To address the issue of overlapping paths, link-additive correction terms, similar
to path-size attribute, were proposed. These corrections do not require path enumer-
ation or sampling of the choice set. An extension of the RL model, named Nested
Recursive Logit (NRL) model, was introduced by Mai et al.[76]. In this extension,
the utility function is scaled by a link-specific factor. Although this increases the
computational complexity of calculating value functions, it allows representing more
realistic route choice scenarios, particularly in large networks with overlapping paths.

Applications of RL and NRL models can be found in [124] and [127]. The for-
mer describes the development of an RL model to estimate the route choice behavior
of e-scooter users, using GPS data collected from trips on the Virginia Tech Blacks-
burg campus in the United States. The latter focuses on the estimation of RL and
NRL models for cyclists’ route choice behavior, based on GPS data collected in the
city of Eugene, United States. In both cases, the RL models were solved using the
Broyden-Fletcher—Goldfarb—Shanno algorithm, while the NRL model in [127] was
estimated using the Berndt—Hall-Hall-Hausman method.

The work of Meister et al.[80] presents a comparison between path-based (PSL)
and link-based (RL) route choice models. The results of the comparison indicate
that certain factors, such as cycling infrastructure, affect model estimates differently
depending on the modeling approach. Moreover, the best-performing model changes
depending on the evaluation metric used, particularly whether or not probabilistic
aspects of route choice behavior were considered.

An important issue in route choice modeling is the heterogeneity among decision-
makers. In the context of cyclists’ route choice, different cyclists or groups of cyclists
assign different levels of importance to road features, depending on their perceptions.
One approach to consider heterogeneity is the use of mixed logit models [20, 79,
93, 97, 58, 70]. Rather than assuming uniform preferences among all cyclists, these

models allow the weights associated with each road characteristic to vary according to
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a probability distribution. Most of these studies assume that these parameters follow
continuous probability distributions, such as normal, lognormal, and triangular, with
the normal distribution being the most commonly assumed [114]. In addition, they

mainly use likelihood-based methods for estimation.

Some of the results obtained from these studies indicate that cyclists’ preferences
are influenced by factors such as distance, traffic volume, road speed limits, traffic
signals, slopes, crossings, among others. In addition, cyclists have shown a preference
for routes that are separated from motorized traffic and have minimal interaction with

pedestrians. Table 2.1 summarizes the referenced studies related to logit models.

2.1.2 Latent class logit models

Similar to mixed logit models, Latent Class Logit (LCL) models are widely used in
transportation research to model unobserved heterogeneity in route choice behavior.
Unlike MNL models, which assume homogeneous preferences, LCL models divide
the population into a finite number of latent classes, each with distinct utility parame-
ters. This approach captures behavioral variations in a flexible and interpretable way,
providing a semi-parametric alternative to continuous mixture models. However, dis-
cretizing the population into classes introduces a combinatorial aspect to the problem,

making it more difficult to solve.

Key studies have demonstrated the value of LCL models for identifying mean-
ingful user segments, often incorporating psychometric or socio-demographic data
[12]. Compared to mixed logit, LCL offers a simpler interpretation and avoids strong
distributional assumptions [42]. Empirical work such as the study by Shen[105] has
shown that LCL performs well, especially when a small number of classes adequately
captures heterogeneity. Despite these strengths, LCL models face limitations. Choos-
ing the number of classes is often arbitrary and model selection depends on statistical
criteria. Moreover, LCL models require predefined choice sets, making them sensi-

tive to how alternatives are generated.
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Table 2.1: Summary of studies using logit models for route choice estimation.

Reference

Problem

Method

Menghini et al. [81]
Transportation Research Part A
Meister et al. [79]
Transportation Research Part A

Chen et al. [20]

Journal of Transportation
Prato et al. [93]
International Journal of Sustainable Transportation
Ryuetal. [103]

Journal of il Trans,

Reckermann et al. [97]

Journal of Cycling and Micromobility Research
Khavarian et al. [58]

Journal of Cycling and Micromobility Research
Rieser-Schiissler et al. [101]
Transportmetrica A: Transport Science

Ben-Akiva et al. [10]

D on Ty and Traffic Theory
Ton et al. [113]

Travel Behaviour and Society

Luetal. [73]

Journal of Transport Geography

Liu et al. [70]

Journal of Cycling and Micromobility Research

Sobhani et al. [107]

Journal of Transportation Science and
Frejinger et al. [36]
Transportation Research Part B
Fosgerau et al. [34]
Transportation Research Part B

Mai et al. [76]

Transportation Research Part B
Meister et al. [80]

Journal of Cycling and Micromobility Research
Ben-Akiva and Bierlaire [9]
Handbook of Transportation Science
Cascetta et al. [19]

Proceedings of The 13th ISTTT
Zhang et al. [124]
Transportation Research Part D
Zimmermann et al. [127]

Transportation Research Part C

Estimation of route choice behavior

based on a large sample of GPS data

Estimation of route choice behavior

Analysis of the impact of built environment

features on cyclists’ route preferences

Estimation of route choice behavior

Bicycle traffic assignment problem

Estimation of route choice behavior

Estimation of route choice behavior
for e-bike and r-bike users

Route choice set generation

Route choice set generation

Route choice set generation

Route choice set generation

Estimation of route choice behavior

Estimation of route choice behavior

for non-work-related cyclists trips

Estimation of route choice behavior

Estimation of route choice behavior

Estimation of route choice behavior

Comparison between link-based
and path-based logit models

Estimation of route choice behavior

Estimation of route choice behavior

Estimation of route choice behavior
based on GPS data for e-scooter users
Estimation of route choice behavior
based on GPS data

Multinomial logit model
with path-size factor
Mixed path-size

logit models

Mixed logit models

Generalized mixed

path-size logit model
Multi-objective shortest path
algorithm and path-size logit model
Mixed multinomial

logit models

Multinomial and mixed

logit models

Breadth-First Search with

Link Elimination algorithm
Labeling algorithm

Data-driven approach
for path identification
A map-matching algorithm based on

geographic information systems
Mixed path-size logit model

Metropolis-Hastings and
Expanded Path-Size logit model

Expanded path-size logit model

Recursive logit model

Nested recursive logit model

Path-size logit and

recursive logit models

Path-size logit model

C-logit model

Recursive logit model

Recursive logit and nested

recursive logit models
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2.1.3 Inverse optimization

Other techniques can be employed to understand route choice behavior, such as in-
verse optimization (IO). In this approach, given the solutions to a particular problem,
the goal is to infer an optimization model (objective function costs or parameters
values) for which these solutions are optimal. Applications of 1O to estimate choice
behaviors can be found in the studies by Zattoni Scroccaro et al.[122], Ronnqvist
et al.[104], and Zhao and Liang[125].

2.2 Cycling networks

As part of the literature on bikeway design problems, Lin and Yu [67] introduced a
bikeway classification that consists of bike paths, lanes, and routes. Therefore, we
divide this brief literature review into bikeway network design with bike lanes (Sec-
tion 2.2.1), with bike paths (Section 2.2.2), and with mixed bikeways (Section 2.2.3).
Furthermore, we include papers that address bikeway network design along with bi-
cycle station design (Section 2.2.4), as well as those related to multimodal networks
(Section 2.2.5).

2.2.1 Bikeway network design with bike lanes

Sohn [108] applied a genetic algorithm (GA) to reduce the number of lanes for car
drivers and dedicate them to cyclists. Another application of GA in the context of
network design is found in Mesbah et al. [82], where the method was used to solve
a network design problem, modeled as bilevel problem, that promotes a balance be-
tween cyclists and car users. GA was also applied by Doorley et al. [27] to maximize
the health and environmental benefits of cycling in a network design problem. In ad-
dition, the authors proposed a mathematical formulation with equilibrium constraints.

Bagloee et al. [7] tackled the bicycle priority lanes design problem in congested
networks, formulated as a bilevel problem and solved via a branch-and-bound ap-
proach. The following year, Bao et al. [8] introduced a mathematical formulation to

balance the trade-off between the number of covered users and the length of the cov-
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ered trips, using bicycle trajectory data. Similarly, He et al. [50] employed trajectory
data for bicycle lane planning on large-scale scenarios.

Akbarzadeh et al. [3] analyzed taxi trip data to identify high-demand areas for
bicycle infrastructure. The most frequent origins and destinations formed a graph,
with edges representing travel links. After constructing the graph, regions with dense
travel activity were identified, and points less than 4 km apart were selected. A bicycle
network was then proposed to connect these points, aiming to minimize travel costs
and total network length.

Guo et al. [45] investigated bicycle flow dynamics on wide roads by applying a
heuristic-based model that considers centrifugal effects on bicycles. Lim et al. [65]
addressed a bicycle lane network design problem aimed at improving network safety
under budget constraints. Simultaneously, Liu et al. [72] combined a bilevel program
with a logit model to determine the most suitable locations for new lanes in the exist-

ing road network. All these references are summarized in Table 2.2.

2.2.2 Bikeway network design with bike paths

Duthie and Unnikrishnan [28] and Zhu and Zhu [126] studied the problem of retrofitting
existing network for cyclists. The former aimed to connect all origin-destination (OD)
pairs through roadways that satisfy specific bounds of bicycle level of service. The
latter focused on maximizing accessibility and bicycle level of service, while mini-
mizing the number of intersections and construction costs.

Liu et al. [71] solved a bike path network design problem with the goal of maxi-
mizing the total route utilities of cyclists, where their route choice preferences were
identified through a path-size logit (PSL) model, while Zuo and Wei [128] developed
an approach based on multi-criteria decision analysis to improve bicycle connectivity
while considering multiple factors. The latter method was applied to a case study in
Uptown Cincinnati, Ohio, United States.

Agarwal et al. [2] addressed the bicycle superhighway problem, which aims to
determine the optimal number and the location of connectors between new infras-
tructure and the existing network, with the goal of increasing bicycle share. More

recently, Ospina et al. [89] proposed a two-phase approach based on mixed-integer
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Table 2.2: Summary of the literature on bikeway design with bike lanes.

Reference

Problem

Method

Akbarzadeh et al. [3]

Applied network science

Bagloee et al. [7]

Transportation Research Part A

Bao et al. [8]

Proceedings of the ACM SIGKDD

Doorley et al. [27]

Journal of S T

Guo et al. [45]

Transportation Research Part C

He et al. [50]

IEEE Transactions on Knowledge and Data Engineering

Lim et al. [65]

Journal of Transportation Engineering, Part A: Systems

Liu et al. [72]

Manufacturing & Service Operations Management

Mesbah et al. [82]

Transportation Research Record

Sohn [108]

Transportation Research Part A

Non-dominated bike networks design,

based on taxi trips data

Bicycle priority lane design
in congested networks

Bicycle lane planning based

on real bike trajectories

Maximizing the health and

environment benefits of cycling

Investigating bicycle flow dynamics
on wide roads

Bicycle lane planning based on
large-scale real world bike trajectories

Bike network

improvement problem

Planning based on fine-grained

bike trajectory data

Planning considering a balance between

cyclists and car users

Road diet network
design problem

Modularity maximization

method and bi-objective model

Bilevel model and
Branch-and-Bound approach

Mathematical formulation and

grid network expansion algorithm

Mathematical model with equilibrium

constraints and genetic algorithm

Heuristic-based model that

considers centrifugal effects

Greedy network
expansion algorithm

MIP formulation with piecewise linear

penalty function and Benders decomposition

Bilevel model based

on Multinomial Logit

Bilevel model and genetic

algorithm

Bilevel model and multi-
objective genetic algorithm
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linear programming (MILP) to solve the maximal covering bicycle network design

problem. Finally, Giildii et al. [44] tackled the problem of improving bicycle connec-

tivity in the city of Sivas, Turkey. Table 2.3 summarizes the papers reviewed in this

section.

Table 2.3: Summary of the literature on bikeway design with bike paths.

Reference

Problem

Method

Agarwal et al. [2]

Transportation Research Part A

Duthie and Unnikrishnan [28]

Journal of Transportation Engineering

Giildii et al. [44]

Envi , Dy and

P

Liu et al. [71]

Transportation Research Part E

Mahfouz et al. [75]

Journal of Transport Geography

Ospina et al. [89]

Transportation Research Part A

Steinacker et al. [111]

Nature computational science

Zhu and Zhu [126]

Transportation

Zuo and Wei [128]

Transportation Research Part A

Bicycle superhighway
Retrofitting existing roadway
infrastructure for bicycles

Creating a bicycle road
network by integrating a few
disconnected bicycle routes

Maximizing the total route utilities,

considering route choice behavior

Cycling infrastructure

prioritization

Maximizing the coverage of cyclists and
minimize the total cost

Networks based on demand distribution

Retrofitting existing cycling infrastructure

Increasing bicycle connectivity and

bicycle-transit connection

Algorithm to identify connectors

with the existing network

Mathematical formulations

Hybrid Multi-Criteria
Model-Based
Network Analysis

Bilevel model

and matheuristic

Approach that combines distance
decay, route calculation,

and network analysis

Two-phase approach
using MILP formulation

Specific algorithm based
on cyclists’ route choices

Multi-objective formulation
and e-constraint method

Multi-Criteria Decision
Analysis approach

2.2.3 Bikeway network design with mixed bikeways

Hood et al. [51] and Broach et al. [13] analyzed GPS data to identify the criteria used
by cyclists to choose their routes. In both studies, PSL models were applied. Ehrgott
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et al. [29] proposed a bi-objective model to determine a set of alternative routes for
commuter cyclists, considering travel time and route suitability as selection criteria.
Similarly, Hrnéit et al. [53] solved a multi-criteria bicycle routing problem utiliz-
ing a heuristic-enabled multi-criteria label-setting algorithm with speedup heuristics.
Moreover, Mauttone et al. [78] proposed a multi-commodity mixed-integer formula-
tion, based on the fixed-charge network design problem, and a GRASP-based meta-
heuristic to solve a cycling network planning problem aimed at minimizing cyclists’
travel distances.

Olmos et al. [88] proposed a data analysis framework that identifies the most suit-
able portions of a network for new bike infrastructure via percolation theory [110].
On the other hand, Liazos et al. [64] focused on network design for electric scooters
based on geo-fencing planning by means of a GA approach. This method was also
earlier employed by Nash et al. [87] to solve a holistic cycling network planing in
Spennymoor, England.

Kon et al. [59] developed a data analysis method to extract bike-sharing mo-
bility flows from OD trip data, which is useful for cycling infrastructure planning.
Moreover, Giménez-Gaydou et al. [38] and Wang et al. [116] focused on cyclists’
exposure to pollutants. The former proposed a method to estimate cyclists’ effort and
exposure, while the latter addressed route planning for walking and cycling, consid-
ering air pollution exposure. Very recently, Pirolo and Moscarelli [91] introduced a
mathematical formulation employing a geographical information system for design-
ing cycleways dedicated to tourism activities, considering the use of electric bikes.
Table 2.4 outlines the principal contributions of the papers examined in this section.

2.2.4 Bikeway and bicycle station design

Lin and Yang [68] proposed a non-linear integer programming model to solve the
problem of station location and bikeway design, considering bike paths. A similar
problem was solved by Lin et al. [69], considering bike lanes and inventory levels,
whereas Lin and Liao [66] aimed to maximize bikeway and station service coverage

through a multi-objective programming model and the €-constraint method.
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Table 2.4: Summary of the literature on bikeway design with mixed bikeways.

Reference

Problem

Method

Broach et al. [13]

Transportation Research Part A

Ehrgott et al. [29]

Transportation Research Part A

Giménez-Gaydou et al. [38]

Transportation Research Part D

Hood et al. [51]

Transportation Letters

Hrnéif et al. [53]

IEEE Transactions on Knowledge and Data Engineering

Kon et al. [59]

Public Transport

Liazos et al. [64]

Transportation Research Part D

Mauttone et al. [78]

Transportation Research Procedia

Nash et al. [87]

Transportation Planning and Technology

Olmos et al. [88]

Transportation Research Part C

Pirolo and Moscarelli [91]

Regional Science Policy & Practice

Wang et al. [116]

Transportation Research Part D

Bicycle route choice problem
based on GPS data

Determining the route choice set, considering

travel time and suitability of a route

Estimating cyclists’ effort and exposure

to pollutants and urban areas

Bicycle route choice problem
based on GPS data

Multi-criteria bicycle

routing problem

Extracting mobility flows from
bike-sharing trips data

Network design for electric scooters

based on geo-fencing planning

Cycling network planning

to minimize travel distances

Holistic cycle network planning

Data analysis to identify the
candidates for adding new
bike infrastructure

Cycling network design to integrate
cycle tourism and electric bikes

Route planning for walking and cycling,

considering air pollution exposure

Path-size logit model

Model and bi-objective near

shortest path algorithm

Cyclist specific

effort method

Path-size logit model

Model and Heuristic-Enabled Multi-
Criteria Label-Setting algorithm

Analytical method and open

source tool for data analysis

Bi-level bi-objective model and
Non-Dominated Sorting

Genetic Algorithm

MIP formulation and
GRASP-based metaheuristic

Spatio-temporal model

and genetic algorithm

Percolation theory

Mathematical formulation

in a GIS environment

Human exposure assessment
model with a shortest path algorithm
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Jin et al. [56] addressed the problem of determining the location of stations and
bicycle lanes, as well as defining the number of docks per station, through a two-stage
stochastic programming model. The same problem was studied by Cheng et al. [21],
in which the authors presented a bilevel model and a heuristic approach based on a
Markov model, aiming to minimize the total cost. Table 2.5 presents an overview of

the works discussed in this section.

Table 2.5: Summary of the literature on bikeway and bicycle station design.

Reference Problem Method
Cheng et al. [21] Determining the location of stations Bilevel model and hyper-heuristic
Computers & Industrial Engineering ~ and bike lanes to minimize the total cost approach based on hidden

Markov model

Jin et al. [56] Determining the location of stations, Two-stage stochastic
Transportation Letters the cycle lanes, and the number of programming model

docks per each station

Lin and Liao [66] Maximizing bikeway and station Multi-objective programming
Networks and Spatial Economics services coverage, bikeway suitability, model and e-constraint method

and minimizing cyclist risk

Lin and Yang [68] Station location, bikeway design with bike paths, Non-linear integer
Transportation Research Part E and determining the travel paths for users programming model
Lin et al. [69] Station location, bikeway design with bike lanes, Hub location inventory model,
Computers & Industrial Engineering ~ the selection of paths of users, greedy-drop heuristic and
and inventory levels procedures to calculate the costs

2.2.5 Multimodal networks

Chow and Sayarshad [22] proposed a multi-objective optimization framework for
network design in the presence of coexisting transportation networks, establishing
analogies with symbiotic organisms. Nair and Miller-Hooks [86] addressed the prob-
lem of determining the location and capacity of stations, along with vehicle inventory
levels, in a vehicle-sharing system that may include bicycles.

Burke and Scott [16] developed a method to evaluate the impact of implementing

wider bike facilities on car traffic. Caggiani et al. [17] also considered car traffic, but
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from a different perspective: employing the revenues generated from tolling private
car users to fund the construction of a free-floating bike-sharing system.

Li et al. [63] presented a bilevel optimization model and a hybrid iterative-based
solution method to design a bimodal transit network, composed of sparse express
lines and dense local lines, that is fed by shared bicycles. Frank et al. [35] proposed a
MIP formulation for the problem of locating multimodal mobility hubs to improve the
accessibility to rural areas. These hubs are intended to supplement public transporta-
tion services such as trains and buses. Luo et al. [74] applied stochastic optimization
to promote an intermodal network that integrates vehicles of mobility-on-demand
transit vehicles with micromobility services, including free-floating bike-sharing and
electric scooters.

Ye et al. [121] proposed a bilevel optimization model to determine the location
and capacity of transfer infrastructure in multimodal networks, considering elastic de-
mand. In this model, the upper level maximizes the usage of green transport modes,
while the lower level is a combined mode-split and traffic assignment model that ac-
counts for travelers’ route choices through multinomial logit model. Similarly, Zhang
and Liu [123] presented a bilevel formulation to enhance the integration between
bike-sharing and metro systems. Moreover, Wang et al. [115] developed a tri-level
optimization model and applied a Kriging-surrogate-based optimization algorithm to
maximize the capacity of multimodal networks.

Aydin et al. [6] applied an integrated fuzzy multi-criteria decision-making method
to determine optimal locations for mobility hubs in Istanbul, Turkey. Cai et al. [18]
also addressed hub location optimization, aiming to promote modal shifts between
different transport modes and, consequently, achieving a balanced use of the en-
tire network. Wiedemann et al. [119] employed Pareto optimality to analyze trade-
offs between car and bicycle usage in road networks. Finally, Fan et al. [33] tack-
led the combined mode split and traffic assignment problem, considering five trans-
port modes: car, public transport, bicycle, car-to-transit and bike-to-transit. Table 2.6

presents a summary of all the papers reviewed in this section.
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Table 2.6: Summary of the literature on multimodal networks.

Reference

Problem

Method

Aydin et al. [6]

Sustainable Cities and Society

Burke and Scott [16]

Journal of Transport Geography

Caggiani et al. [17]

Journal of Advanced Transportation

Cai et al. [18]

Journal of Advanced Transportation

Chow and Sayarshad [22]

Transportation Research Part B

Fan et al. [33]

Transportation Research Part E

Frank et al. [35]

Journal of Transport Geography

Liet al. [63]

Transportation Research Part E

Luo et al. [74]

EURO Journal on Transportation and Logistics

Nair and Miller-Hooks [86]

European Journal of Operational Research

Wang et al. [115]

Transportation Research Part E

Wiedemann et al. [119]

Transportation Research Part B

Ye et al. [121]

Transportation Research Part E

Zhang and Liu [123]

Transportation Research Part D

Location selection problem
for the mobility hubs

Evaluating the impact on car traffic
of employing wider bicycle facilities

Free-floating bike sharing system
development based on pricing strategy

applied to private car users

Multimodal network design problem,
promoting a balanced use of
the entire network

Network design problem in the presence

of coexisting networks (symbiotic network)

Combined mode split
and traffic assignment problem

Locating multimodal mobility hubs to

improving rural accessibility

Bimodal transit network design
problem with shared bikes

Intermodal mobility network
design under uncertainty

Location and capacity of the stations
and vehicle inventories in a Vehicle

Sharing Program
Tri-level multimodal network design
problem to maximize the network capacity

Trade-off between car and bicycle usage

Determining the location and capacity of
transfer infrastructure, considering
elastic demand

Integration between bike sharing
and metro systems

Integrated fuzzy multi-

criteria decision-making method

Network Robustness Index

Specific method, including an equity-
based optimization model
and genetic algorithm

Bilevel model, hybrid method of the
successive average, and hybrid genetic
search with advanced diversity control

Framework including multi-objective model,

e-constraint method, and other algorithms

Cross-nested logit model, path-based
variational inequality model, and self-regulated
averaging and path-based methods

MIP formulations

Bilevel model and hybrid
iterative-based solution method

Two-stage stochastic program model
and an iterative algorithm

Equilibrium network design
model (bilevel model)

Bilevel model and Kriging-surrogate-
based optimization algorithm

Pareto optimality

Bilevel model

and genetic algorithm

Bilevel model and

Nash Bargaining game







Chapter 3

Identifying cyclists’ route choice
criteria

This chapter introduces the problem of identifying the criteria used by cyclists to se-
lect routes in bicycle networks. As mentioned in Chapter 1, this identification is based
on either traffic flows observations or on knowledge of a set of paths. Hence, Section
3.1 formalizes the problem in the case where flow observations are available on a sub-
set of arcs and describes the proposed flow-based formulation. Section 3.2 addresses
the case where we assume knowledge of a set of paths followed by some users, and
presents the corresponding trajectory-based formulation. Moreover, Section 3.3 pro-
poses solution algorithms for the problems addressed in this chapter, while Section
3.4 reports the computational experiments performed using both synthetic data and
real data collected from the city of Parma, Italy. Finally, Appendix A presents all data
related to the real case of Parma and discuss how the basic costs were derived, while
Appendix B collects the proofs of most of the propositions presented throughout this
chapter. It is worth noting that the work presented in this chapter is also available as

research papers (see Ardizzoni et al. [4, 5]).
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3.1 Identification via known flows over a subset of arcs

We represent a bicycle network with a directed graph G = (V,A). We denote the
number of nodes and directed arcs by n = |V| and m = |A|, respectively. The arc set
represents the roads used by cyclists, and the node set the intersections. We assume
that G is strongly connected. We denote by W C V x V a set of origin-destination
(OD) pairs in the network. We associate to each pair w = (oy,d,,) € W a demand
value u,, € N, corresponding to the number of users that move from node o,, to node
d,,, traveling within the network, at a given time of the day. Values u,,, with w € W,
may be known in advance but, in some cases, there might be the need to estimate at
least some of them. We denote by I1,, the set of elementary directed paths from origin
node o,, to destination node d,,. To each 7 € II,,, we associate the subset A C A of
arcs belonging to directed path 7. We associate to each arc (i,j) € A a flow Xijs
corresponding to the amount of users, associated to pair w, traveling along the arc.

For all (i, j) € A, the total flow along arc (i, j) is denoted by

Xij= Y, xpj. (3.1)

weWw

We define the following vectors:

e xXE R‘f', the vector whose components are the total flows x;; along the arcs of
the network;

, A .
o xV € RU, w € W, the vectors whose components are flows x}; of users associ-

ated to OD pair w € W along the arcs of the network.

Moreover, we associate to each arc (i, j) € A a set of basic costs ¢;j = (c}j, s
that represents a set of features associated to the road represented by the arc. Possible
features may be, among others, the road length, its safety, its practicability. We indi-
cate with ¢ = {¢; j}@ j)ea the set of all the basic costs of the graph. The total cost of
an arc is a convex combination of its r basic costs. We assume that this combination
is different for each individual user. Indeed, each cyclist can choose the best route

with a different criterion, giving more importance to some specific features. Since
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different features may have different units of measure and different orders of magni-
tude, we normalize the basic costs in such a way that ¥ ; jyca cf’]l =Y(ij)eA cf’jz for all

hi,hy € {1,...,r}. We assume that each cyclist assigns a cost to an arc (i, j) of form
=
Z CijPh-
h=1

That is, the cost of each arc is a weighted sum of the basic costs. The coefficient

vector p = (py, ..., p,) belongs to the r-dimensional unit simplex

,
Ar_{peR; y ij_l}.
h=1

We call ‘weights’ the components of p. They represent the relative importance that
the cyclist assigns to the basic costs. In this approach, these weights fully define the
cyclist’s policy. Then, for fixed origin and destination nodes, we assume that each
cyclist follows a route that minimizes the sum of the arcs costs. As said, for the same
origin and destination nodes, different cyclists may choose different paths, because
of their different policies.

First, we consider a simplified problem, where we assume that each user may
choose among a finite set of policies, that is a finite set of weight vectors p (Sec-
tion 3.1.1). Later on (Section 3.1.2), we address the problem where such set is also to

be computed.

3.1.1 The case with known set of convex combinations/weights

We assume that users are divided in ¢ different groups, indexed by set Q = {1,...,q},
and that each group is associated to a known weight vector. The overall set of weights
P={p'} veg 18 a finite subset of the r-dimensional unit simplex A,. The total cost of

arc (i, j) for a user that belongs to group ¢ (associated to weight vector p’) is
T, : h 0
Cip = Z CijiPh-
h=1

We associate a coefficient oy € [0, 1] to every group ¢ € Q. It represents the frac-

tion of the total users that belong to group ¢. Since every user belongs to a group,
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Y.rep 0 = 1. The function Q — [0, 1] that associates to ¢ coefficient oy can be inter-
preted as a probability mass function. That is,  is the probability that a generic user
belongs to group ¢. We assume that the traffic is not congested. Hence, all vehicles
moving from o,, to d,, follow the SP in G. However, the SP depends on the chosen
weights, so it may be different for users belonging to different groups.

To each p’ € P, with £ € Q, and each w € W, we associate a vector x" € R,
whose components are flows xlv.;’e along the arcs of the network of users associated to
OD pair w € W whose selected weight vector is p’. For all (i, j) € A, and w € W, we
w

x4 w
ij and Xijs

have the following constraints, linking variables x
! 14
X = lewj’ . (3.2)

For each pair w € W, for each node i € V, and for each weight pe € P, the follow-

ing flow conservation constraints hold:

N 14
Y b= Y K=y, (3.3)
(i,))€A (J.i)eA
where
Uy i =0,
U,'W =\ Uy i= dw

0 ieV\{oy,dy}.
We further impose the non-negativity constraints
(YweW) (Ve Q) x,x",x">0. (3.4)
Constraints (3.3) can be written in the matrix form
Nx"! = o, U,

where N is the node-arc incidence matrix of the graph, and U" is the vector of the
demand related to pairw € W.

We assume that we do not measure all flows, but only a subset of them A C A. We
denote with X;;, (i, j) € A, the measured flows. Our aim is to estimate {0y }¢co from
the knowledge of X;;, (i, j) € A.
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To this end, we minimize the squared distance between measured and estimated

flows, so that we end up with the following bilevel optimization problem:

g(P) = mén Z [xij _)_Cij]z (3.5a)
(i,j)€A
s.t.
4 w,l 3
{=1weWw
q
=1
oy >0 lLeQ (3.5d)
(XY epmew €S(au, ... atp) (3.5¢)
! ¢
S(ou,...,0) =argmin ) Y )" (c;p[) X (3.6a)
(=1weW (i,j)eA
S.t.
Nx" = o, U leQweWw (3.6b)
x>0 leQweW. (3.6¢)

Note that the optimal value g(P) of the bilevel problem depends on the set of
weights P, assumed to be known in advance. For the upper level model, objec-
tive function (3.5a) aims to minimize the error between the calculated and mea-
sured flows. Constraints (3.5b) compute the total arc flows, while constraints (3.5¢)
and (3.5d) impose that the components of ¢ are positive and sum to 1. Constraints (3.5¢)
impose that the estimated flows must be optimal with respect to the lower-level prob-
lem parameterized by the upper-level variables .

For the lower level model, objective function (3.6a) aims to minimize the total
travel cost, subject to the fulfillment of the OD pairs demands guaranteed by con-

straints (3.6b). Constraints (3.6¢) define the domain of the lower level variables.
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Problem (3.5a)—(3.6¢) can be solved quite efficiently. First we observe that the
lower-level problem can be split into the following ¢|W | subproblems: for each ¢ € Q
and each w € W, solve:

min Z (c;pg) x:.;’é
(i,j)eA
Nx"! = o U"

x> 0.

The solution of this problem is obtained by first detecting the SP from o,, to d,, with
cost of each arc (i, j) equal to ciijé . Once the SP has been detected, we send a flow
equal to apu® along the arcs of the path. More precisely, we proceed as follows. Let
$"* C A be a SP from o,, to d,, based on the weight vector p’. Additionally, let
‘ w (i, j) e st
£l = GJ) 37
0  otherwise.

Next, we define a matrix M., whose elements correspond to the sum of flows for

each w € W, considering the arc (i, j) and the weight p, that is,

(VL€ Q) (V(i,j) €A) M= wa;‘f. (3.8)
we
Then,
q
(V(i.j) €A) xij =Y M 004, (3.9)
/=1

or, in matrix form x = M. If we denote by Mj the submatrix obtained by consider-

ing only the rows of M in A, the upper-level problem reduces to:
min | M o — X||?
o
q
(=1

o >0,

which is a convex quadratic problem, solvable by different available solvers like, e.g.,
Gurobi [46].
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Algorithm 1 summarizes the proposed procedure to compute g and the optimal

probability distribution over a fixed set P of weights.

Algorithm 1: Solution algorithm for the evaluation of function g and com-
putation of the optimal probability distribution for a fixed set P of weights.

1 function IDENTIFICATION(P)
2 forw € W and p’ € P do

14

3 t compute SP from o,, to d,, with cost ciij‘ for each arc (i, j) ;

4 Compute matrix M € ZAI%IPl with entries defined in (3.8), where values fiv;’[
are defined in (3.7) ;

5 Solve convex Quadratic Programming (QP) Problem (3.10) ;

6 return ap, g(P);

The overall complexity of Algorithm 1 is stated in the following proposition.

Proposition 1. The complexity of Algorithm 1 is
O (IW|IP|(|A|+|V[log|V]) +|P]’L),
where L is the bit size of the input of the convex QP.

Proof. The For loop at line 2 of Algorithm 1 requires the solution of |W||P| SP
problems, so that the complexity of the loop, if Dijkstra’s algorithm is employed
to solve the SP problems, is: O (|[W||P| (JA| + [V|log(|V]))). Computing matrix M at
line 4 requires a time O(|W||P||V|) since, for each w € W and each p’ € P, only the
entries of column ¢ of matrix M associated to the arcs in the SP from o,, to d,, are
updated, and the SP contains at most |V | arcs. Finally, the convex QP problem solved
at line 5 belongs to the class of problems for which it is shown that the computing
time for their solution is O (|P]>L) [84]. O

Note that this complexity result shows that for small |P| values the major cost is
represented by the solution of the SP problems, but as |P| increases, the major cost

becomes the solution of the convex QP problem.
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3.1.2 The case of unknown weights

If the set P of weights is not known in advance, then a further optimization has to be
performed, searching for a set P with the lowest possible value g(P) (i.e., the lowest
possible distance between observed and estimated flows). The value of g can be re-
duced by: (i) enlarging the set of weights and/or (ii) perturbing the current weights.
Enlarging the set of weights allows reducing g because of the monotonicity property
of g, proved in the following proposition (see Appendix B for the proof of the fol-

lowing results).

Proposition 2. Let P' D P. Then, g(P') < g(P).
In fact, a rather similar proof can be applied to reduce the number of weights.

Corollary 3.1.1. Let P be a set of weights and o be an optimal solution of the op-
timization problem (3.10). If P C P is such that, for all p* € P\ P, oy = 0, then
g(P) =g(P).

According to Proposition 2, we can reduce g by expanding the set of weights.
However, a large set of weights P has at least two drawbacks. The first one is that
the complexity result stated in Proposition 1 shows that the computing times for the
algorithm calculating value g(P) grow as |P|*. The second drawback is that, for the
sake of interpretability, large |P| values should be discouraged. Note that the result
stated in Corollary 3.1.1 allows reducing the set of weights by discarding all weights
with null probability.

An alternative way to reduce g is by keeping fixed the cardinality g of P and by
perturbing the weights in P. Let Af be the Cartesian product of A, by itself for ¢
times. Let 2 = (p',...,p?) € A} C R’ be an ordered set. Then, we introduce the
function

8 A;I—>R+7

defined as follows: if P= {p',...,p?}, where p’ € A, with £ € Q, then §(2) = g(P).
A vectorization of set P = {p',...,p?} is a real vector 2 = (p!,...,p?) € R"%. Note
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that any order of (p!,...,p?) fulfills the definition. Hence, the problem of identifying
the best set of weights with fixed cardinality g can be reformulated as follows:

min g(p',...,p).

Unfortunately, we cannot employ gradient-based methods even to detect local mini-
mizers of g. Indeed, we will show that this function is not continuous and is piecewise

constant. To this end, we first introduce an assumption.

Assumption 3.1.2. For each w € W, recall that 11,, is the finite collection of paths
between o, and d,,. For some 1 € I1,,, let Ay(7) = Y(ij)en cf?j, he{l,...,r}, be the
cost of T with respect to the h-th basic cost. Then, we assume that for each w € W,
there do not exist two distinct paths w,n' € I1,, such that A,(1) = Ay(n') for all
he{l,...,r}

The assumption simply states that there do not exist two distinct paths equivalent
with respect to all the r basic costs. If such two paths existed, they would be indistin-
guishable, since their cost would be the same for all possible weights p € A,. Now,

we can prove the following lemma.

Lemma 3.1.3. For each w € W and p’ € A,, let S** denote the set of SPs when the
cost of each arc (i, j) is c;pg. Under Assumption 3.1.2, the set

Ar(w,0) = {pf ch | 8™ > 1},
has null measure in A,.

In view of this lemma, we can prove the following proposition that basically states

that function g is piecewise constant.

Proposition 3. Forall 2 = (p',...,p?) € Al except those over a set of null measure
over AL it holds that there exists 8 > 0 such that

(V2e15(2)) 3(2)=2(2),

where
I5(2)={2=@®"....p") €Al | [p Pl <8, (€0}
is a neighborhood of 2.
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As a consequence of Proposition 3, minimization of function g cannot be per-
formed through a gradient search, since g is not even continuous. A combinatorial

search through the constant pieces of g has to be performed.

3.1.3 A stochastic flow-based formulation

In the flow-based formulation, we described basic costs as deterministic quantities.
This assumption may be not realistic, since different users may have a different per-
ception of the basic costs of each arc. Indeed, even two users that are simply follow-
ing a minimum distance path, may choose different paths with the same origin and
destination, due to a different perception of the distance associated to each arc. Dif-
ferent perceptions can happen also for more qualitative road features, such as safety.
To overcome this problem, in Problem (3.5a)—(3.6c) we assume that, for each arc
(i,]) € A, the perceived cost €;; is a random variable with a normal distribution with
mean ¢;; and standard deviation equal to a fixed proportion of the mean, thatis, o - ¢;;,
with o € (0,1):
&ij ~ A (cij, (0-cij)?).

This stochastic model accounts for the variability in the users’ perception of the basic
costs. A higher variance implies greater heterogeneity in how different users perceive
the same route attribute. Since the basic costs are random variables, users of the same
group (that share the same weights associated to road features) may follow different
paths for the same origin and destination nodes. From now on, we will denote the
flow on each arc (i, j) € A as x;;(€), to highlight its dependence on the Gaussian ran-

dom vector representing the cost.

The objective function of Problem (3.5a)—(3.6¢) becomes

g(P)=min Ec | Y [x;(®) — %) (3.11)

(i,j)€A
which is subject to the same constraints as in the original formulation, with the ad-
ditional consideration that the flows x;;(€) are now stochastic, as they depend on the

random cost €.
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For the simulations, we employ a Monte Carlo sampling approach. We generate
N realizations of the cost vectors €, each representing a possible user perception.
We indicate each of them with &), for s € {1,...,N}. Note that we set the negative
components of vectors ¢ equal to 0. The generation of such negative components
is extremely unlikely for small o values, but we need to avoid them since Dijkstra’s
algorithm is not guaranteed to solve SP problems with negative costs. Alternatively,
we could employ the Bellman-Ford algorithm to solve SP problems with negative
costs, but this algorithm is computationally more expensive than Dijkstra’s algorithm.

The objective function (3.11) becomes

N

.1 (s 212
g(P)=min - Y [ ¥ [xij(c“)) —x,,} . (3.12)
s=1\ (i.j)€A
For each sample s € {1,...,N}, as in the deterministic case, the lower-level problem

can be split into the following ¢|W | subproblems: for each £ € Q and each w € W,

solve:

(i.j)eA
Nx"’ = o U"
XW7£ 2 O

The solution of this problem is obtained by first detecting the SP from o,, to d,, with
cost of each arc (i, j) equal to (cEj))Tpf . Then, for each sample we denote with M(®)

the matrix defined as in (3.8), and the upper-level problem reduces to:

2.
=

MY o — ]2

L=y
I
—_

S}
Z| =
M=

(3.13)

[T
S
I

o~
Il
—

o >0,

which is again a convex quadratic problem, solvable by different available solvers.

Therefore, the overall problem problem can be solved using Algorithm 1, with the
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only difference that lines 3—4 must be executed N times, once for each sample. From

Proposition 1 it follows that the complexity of this algorithm is
O (NIW||P| (A + |V [tog|V]) + |PPL),

where L is the bit size of the input of the convex QP.

3.2 Identification via a set of known routes

In this section, we make a different assumption on the available data. We assume
to know a subset of the cyclists’ paths. For instance, we can obtain this informa-
tion from the analysis of GPS data. As before, the objective is the identification of
the weights/route choice criteria for different user groups. However, we need to con-
sider a different objective function, that takes into account the actual individual users
routes, and not the overall flows on a subset of the road segments.

Let IT be the set of directed paths of graph G, and let IT = {ﬂi}ie{l,...,z} C IT be the
set of measured paths. For a path & = (v1,...,v,) € I1, denote by wyz = (vi,vy) €V X
V the couple consisting of the initial and final nodes of «, i.e., 0,, = v and d,, = v,.
Couple wy represents the OD pair associated to path 7. Let P = {pz}KGQ C A, bea
finite set of coefficient vectors.

We introduce a distance d(7,p) between a path w € IT and a coefficient vector
p € A,. Namely,

__cost of path 7 — cost of the optimal path for the OD couple wy

d = 3.14
(7.p) cost of the optimal path for the OD couple wy , G149

where the cost of each arc is computed by weighting the basic costs with coefficient
vector p. By definition, d(m,p) > 0. Moreover, d(7,p) = 0 only if path 7 is a mini-
mum cost path for the OD couple wy.

To formally define d, first define function ¢ : [1 x A, — R as

c(mp)= Y cp.
(ijen
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Quantity ¢(7, p) represents the cost of path 7, computed by weighting the basic costs
with coefficient vector p. Then, define function ¢*: (V x V) x A, — R as
¢(wp)= min c(m,p).
well | wz=w
Quantity c*(w, p) represents the cost of the optimal path the for the OD pair w, com-

puted by weighting the basic costs with coefficient vector p. Finally, define distance

d:TIxA, —Ras

(7,p) =" (wr,p)
c*(wz,p) ‘
We define a function f: Z(A,) — R, that assigns a cost to each coefficient vector

set P C A, as

d(n,p) =< (3.15)

f(P)="Y mind(m;,p). (3.16)

7l'i€1=1 pep
In this way, f(P) represents the sum of minimum distances of all known paths
from the coefficient vectors in P. We are interested in the problem of minimizing

f(P), with a bound on the maximal cardinality of P, that is

~ min  f(P). (3.17)
PCA, | |P|<k
We can also consider the approximation of problem (3.17), in which P C A,,

where A, is a finite discretization of A,, that can be defined as follows

Ar={(ki8,....kg-18,1-Y ki) €A, | keN,ie{l,....q—1}}, (3.18)
i=1
where & > 0 is the discretization step. Thus, the approximated problem becomes
~ min  f(P). (3.19)
PcA, | |P|<k
In the following we show that the problem of minimizing f over a finite set A,
is an instance of a k-median problem. In a k-median problem, we assume to have a
set of demands / and a set of facilities J. The demands represent the users that need

to access a given service. The facilities provide this service. We define a distance
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function f : I x J — R, such that e(i, j) represents the cost of serving the demand i
with the facility j. The k-median problem consists in choosing k facilities in order to

minimize the cost for serving all demands. That is, we want to solve

~min )" mine(i, j). (3.20)
JaJ | Wik jep el

The k-median problem was first introduced in the works by Hakimi [47, 48] and
has been applied in various fields, such as cluster analysis, vehicle routing, and net-
work topology design, among others [40]. The first mathematical programming for-
mulation of the problem was proposed by ReVelle and Swain [100], which presented
an integer programming model. This formulation had a significant impact on the lit-
erature, serving as base for many exact approaches to solving the problem (see, e.g.,
the paper by Church and Wang [23]). In addition, other formulations have been pro-
posed, such as the one by Elloumi [30], which also considers the selection of the
closest facility to serve each customer.

Due to its complexity, which was proven to be NP-Hard [57], several heuristic and
metaheuristic approaches have been proposed to solve the k-median problem, as indi-
cated in the paper by Mladenovic et al. [83]. For instance, greedy methods start with
an empty set of open facilities and add facilities one by one, choosing the ones that
most reduce the total cost, until the desired number of k facilities is reached. Other
heuristic approaches for the k-median problem include the alternate method [77], the
dual ascent heuristic (DUALOC), based on the relaxed dual of the integer program-
ming formulation of the problem, and proposed in the works by Eugénia Captivo
[32] and Galvao [37]. Classical metaheuristic procedures, such as GRASP [99] and
Simulated Annealing [85], have also been applied to solve the k-median problem.
For more details about the problem, we refer, e.g., to the researches by Church and
Wang [23], Goldengorin et al. [40], and Mladenovi¢ et al. [83]. Now, we can make

the following remark.

Remark 3.2.1. Problem (3.17) is a specific instance of Problem (3.20), with demand
set I ={1,...,t} (the index set of the paths 1), facilities J = {1,...,s} (the index set
of the weights in A,), and cost function e(i, j) = d(m;, p/).
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Therefore, function f defined in (3.16) can also be rewritten as

f(P)=") mine(i0). (3.21)

L o
mell pep

In the following, we will employ matrix E € R x R'P‘, whose (i, j)-entry is E; j =
e(i, j)-

For the sake of completeness, we give the short proofs of two properties (mono-
tonicity and supermodularity) of function f, shared by the objective functions of all
k-median problems.

Proposition 4. Let P, C Ps. Then, f(P,) < f(P).
Proof. It is enough to observe that if P; C P, then for all 7; € I1

min e(i,4) < min e(i,?),
p‘ep, p‘eh

and so, by definition (3.21), it follows that f(Py) < f(Py). d

Proposition 5. Function f is a supermodular function, i.e., it satisfies the following

condition:

F(P) = F(PLU{p'}) = F(P) — F(P,U{p'}). (3.22)
forany Py C P, C Pandpz € P\ P,

For the proof of this proposition, see Appendix B.

Now, let 2 = (p',...,p*) € AK C R"* be an ordered set. Define a function f : AK — R
by f(p',....p") = f({p',...,p*}). It is possible to prove an approximation result,
for which we first need to prove two lemmas. The first one states that for any element
of A, there exists an element belonging to the discretized set, which differs from it

by at most a constant that is directly proportional to v/ 7k and to the discretization step

0.
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Lemma 3.2.2. For any 2 € Ak, there exists 2 C A’; such that |2 — 2|| < §V/rk.

Proof. It is enough to observe that for each p € A, there exists p € A, such that
lp—Bll <8/ O

The second one states that for any weight vector p, the total cost of a path with

this weight is always at least as large as the minimum basic cost of that path.

Lemma 3.2.3. For each p € A, and each path w, it holds that:
T . h
Z ¢;;p> min Z Cii-
T S U N
Proof. We have that

r
Zc%—zm(Zc@-
T h=1

(i.)e (i.j)em

)y cfjpzlr)réig Y ¢ip> min Y

(i,j)en (i.j)en heilrt i ven

Then,

O]

Now, let us denote with W the set of all possible OD pairs, and, for a given OD
pair w € W, let I1,, be the set of all paths associated to such pair. For 7 € I, we

denote with wy the corresponding OD pair, and we set:

h . . h
Cmax () = max Z Cijs Cmin(T) = min  min Z Cij-
he{l '---,q} (i,j)en el he{l,....q} (i,j)en’
Note that, assuming that all costs associated with the arcs are positive, we have that

Cmin(7) > 0. Finally, let us set

M = max Cmax (7) . (3.23)
nell Cmin(n)

Now, we are ready to introduce the approximation result, which shows that the

difference between the optimal value of the original problem and that of the approxi-

mated problem is bounded by a constant that is directly proportional to the discretiza-

tion step, the number of paths, and the factor v/7k.
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Proposition 6. Let us assume that ¢;; > 0 for all arcs (i, j) € A. Let P* be an optimal
solution of problem (3.17) and P C A, be an optimal solution of problem (3.19). Let
us denote with 8 the discretization step of A,. Then:

f(P)— f(P*) < [TI|M 87k, (3.24)

where M is defined in (3.23).

3.2.1 A stochastic trajectory-based formulation

As already done in Section 3.1.3 for the flow-based formulation, we now model the
basic costs as a random variable, since each user may have a different perception.
Again, we assume that costs follow a Gaussian distribution with mean ¢;; and stan-

dard deviation equal to a fixed proportion of the mean, that is, ¢ - ¢;;, with o € (0,1):

&j~ N (cij,(0-¢ij)?) .

From now on, we indicate the distance defined in (3.15) with d(7,p,€) to highlight
the dependence on the random cost variable. Therefore, the objective function f de-

fined in (3.16) now becomes:

f(P) =g [ ) min d(n,p,é)] : (3.25)
7'L',‘€I=I pep

As in Section 3.1.3, for the simulations we adopt a Monte Carlo sampling approach
by generating N realizations of the cost vectors. We indicate each realization with
¢, fors e {1,...,N}.In this case, the objective function of the stochastic trajectory-
based formulation is function f : Z(A,) — R, that assigns a cost to each coefficient

vector set P C A, as

. 1 ¥
f(P):NZ_:

s=1

( Y min a(n,p,é<S>)> . (3.26)

71','€l=1 peP

It is easy to prove that the function just defined is monotone and supermodular. In-

deed, this is defined as the sum of monotone and supermodular functions.
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3.3 Solution approaches

This section describes an algorithm for the identification via known flows over a sub-
set of arcs (the flow-based formulation discussed in Section 3.1), and two procedures
for the identification via a set of known routes (the trajectory-based formulation dis-
cussed in Section 3.2).

3.3.1 An algorithm for the identification via known flows over a subset
of arcs

We propose Algorithm 2 for the identification problem when flows over a subset
of arcs are available. The algorithm exploits the properties of objective function g
proved in Section 3.1.2.

At first, we consider a sparse grid of weights P; over A, (line 1), and we com-
pute g(Py), as well as the associated vector of probabilities o, through Algorithm 1
(line 2). Next, we enter the loop at lines 3—-10. Following Corollary 3.1.1, at line 4
we consider a reduced set of weights P, obtained by removing from P, weights with
probability not larger than a given threshold &.

Next, at line 5, following Proposition 2, we perturb the current weights in P
through the procedure PERTURBATION, whose second argument % defines the size
of the perturbation (decreasing as the iteration counter ¢ increases). The newly gener-
ated weights are collected in the set P"". Different possible implementations of the
procedure PERTURBATION are possible. For the case discussed in Section 3.4, with
r = 3, the procedure PERTURBATION returns the following set:

a1 = : :
P Lot ligi-i- i)y e | pEP e {-1.0.1) i 40V #0f.

At line 6 we identify a set of weights P%' C P, \ P to be discarded. These are
weights with negligible probability and distance from P not lower than 2,%, Atline 7
we define the new collection P11, and at line 8 we run Algorithm 1 to compute
g(P+1) and the vector of probabilities otfi+1. At the end of each iteration we double

the value of threshold € (line 9). The stopping condition of the loop (see line 10) is
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fulfilled either if € becomes larger than a predefined tolerance value rol;, or when the
improvement from one iteration to the next is not large enough, i.e., when the new
value of g is larger than a fraction rol, times the value of g at the previous iteration.

Procedure FIND CLUSTERS(F;, k), called at line 11, returns the set B of the cen-
troids of the k clusters identified within the collection of weights P returned by
the loop. It also returns in vector radius the radii of the identified clusters. The
FIND CLUSTERS(F;,k) function can be based on various clustering algorithms, such
as k-means with Euclidean distance, or the Hierarchical clustering. The latter only
requires the set of weights P, as input, whereas the former also requires specifying
the number k of clusters into which the data should be partitioned.

Note that for a given cluster C C P, its centroid is bc = ZpEC Oclf’ p, i.e., the
centroid is computed by taking into account also the probabilities associated to the
weights p. The collection of weights is thus reduced from P, to B, and at line 12 we
employ the set of centroids to initialize a reduced set of weights P*. The last part of
the algorithm (For loop at lines 13—17) is a consequence of Proposition 3. Indeed,
such proposition suggests the need for a combinatorial search in the neighborhood of
the current weights to try to reduce g by refining each member of P* through a local
search.

At line 14, we associate to each weight p’ € P* a value p initialized with the
radius of the corresponding cluster. Next, we enter a While loop. At each iteration,
we perform, at line 16, a local search within the neighborhood N, (p) of p’. The
neighborhood can be defined in a discrete manner by considering all weight vectors
in Az that lie within radius p from p’:

Np(®") = {p' +(iji—i—)p €& | irj e {~1,0,1}}.

The local search algorithm (see Algorithm 3) explores the neighboring weights
in order to find one that decreases the objective function value (or establishes that
none exists). If the local search identifies a new weight p € Np(pe ) such that g(P* U
{p}\ {p’}) < g(P*), then P* is updated into P* U {p} \ {p’}. Otherwise, we halve
the search radius p. Proposition 3 states that function g is constant in a sufficiently

small neighborhood of P*. Thus, the loop is stopped as soon as the search radius
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falls below a given threshold rol3. By Proposition 1, a single iteration of Algorithm 3
has complexity O (N|W||P|(JA| + |V |log|V|) + |P|’L) since it solves Problem (3.10)
once for each weight in the neighborhood and |N, (p*)| < 6. The number of iterations
of the local search (loop at lines 15-17) is finite, but it depends on how many times
an improved solution is detected at line 5 of Algorithm 3, which cannot be estab-
lished in advance. However, according to our experiments, the computational impact
of the local search is negligible, while the major computational cost comes from the

computation of the loop at lines 3—10 of Algorithm 2.

Algorithm 2: Cyclists’ route choice identification algorithm

Input: G = (V,A), W, [x;;, (i, j) € A, [u”,w € W], k, toly,tolp,tol5 € [0,1]
Output: o, P*

Initialize Py, € < 1072, 1+ 1

[af, g(Py))] < IDENTIFICATION(P) ;

—

repeat
P—{peh|o)>e};
P"™¥ « PERTURBATION(P, %) ;

A W ON

wn

6 P% is the set of weights in P, \ P such that the minimum distance from P
is greater than 2,%1 ;

7 Pt+l %PIUPneW\Pde’l :

8 [af+1 g(Py1))] < IDENTIFICATION(P 1) ;

9 e 2e,t+t+1;

10 until € < tol} and g(P+1) <toly-g(P,);
11 [B,radius] < FIND CLUSTERS(P;,k) ;
12 PP+ B;

13 for p’ € P* do

p < radius({) ;

15 while p > t0l; do

1

=

16 [Pout, Pout] < LOCAL SEARCH(P*,p,p) ;
P* < Pyt P <= Pour 5
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Algorithm 3: LOCAL SEARCH

Input: P*, p’, p
Olltpllt: P()ut, pout
N, (p’) - PERTURBATION({p‘},p) ;
P, + P, Pour < P ;5
for p € N (p’) do

PP U{p}\{p'};

if g(P) < g(Pout) then

t P+ P

R T R T SRR

2

if P,,; = P* then
| Pou < P/2

=)

3.3.2 Greedy approach for the identification via a set of known routes

We consider the trajectory-based formulation described in Section 3.2. To solve it,
we first discretize the feasible region. In particular, we define the finite discretization
A, of A, as in (3.18). We present Algorithm 4 to detect a suboptimal solution of prob-
lem (3.19). Recall that any optimal solution of problem (3.19) is also an approximate
solution of the original problem (3.17) as stated in Proposition 6.

First, we compute the cost e(i, ¢) for each route 7; € IT and for each weight p’ € A,
(line 1). This requires calculating the SP associated to the OD pair of each route
7; € I1 a number of times equal to \Ar |. Moreover, in case the objective function (3.21)
is employed to take into account randomness of the basic costs, then the same calcu-
lations must be repeated for all the N realizations of the random vectors associated
to the basic costs. Then, we proceed with the greedy approach. This is one of the
most classical approaches for solving k-median problems. It comes in two distinct
versions: the ascent and descent version. In the former, we start with an empty set of
weights, and at each iteration we add the weight which minimizes f when added to
the current set of weights. We stop as soon as the prefixed number k of weights is

reached. In the descent version, we start with the whole set of weights A,, and at each
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iteration we remove the weight which minimizes f when removed from the current
set of weights. Also in this case we stop as soon as the prefixed number k of weights
is reached.

In the greedy ascent approach, we start by choosing the single weight which
minimizes function f, that is, we solve the optimization problem (3.19) with £k = 1.
Then, we add new weights one at a time. In particular, we proceed as follows (see
Algorithm 4). We initialize Py = @ (line 2), i.e., we start with an empty set of weights.
Then, the algorithm repeats the following assignment for i € {0,...,k— 1} (For loop
at lines 3—4)

Py =ro e min f(BUGD]

pleA\P

In other words, at iteration i we add to the current set of weights P; the weight in A, \ P,
which minimizes function f when added to P;. The suboptimal solution obtained by
this procedure is P := P, (line 5). It is possible to improve the solution by performing

a local search (lines 6-11). Finally, we assign a weight in P to each path in IT (line 12).

In the greedy descent approach, we initialize the set of weights with A,, and at
each iteration, we remove one weight until we reach the required cardinality. More
precisely, in Algorithm 4, we need to modify line 2, where we set Py = A,, and in the

For loop (lines 3-4), set P, is defined as follows

Py =P\ {arg;peigf(l’i\{pé})} forie {1,....(|A/—k—1)},

i.e., at iteration { we remove from the current set of weights P; the weight in P; which
minimizes function f when removed from P,. Furthermore, the suboptimal solution
obtained by this procedure is P := P |_; (line 5). Since function f is a supermodular
function, the greedy descent algorithm for the minimization problem provides an
approximation guarantee, as proved by II’ev [54]. In particular, denoting with P* the
optimal solution of problem (3.19), we have that:

e —1

s < () s,
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where e is the base of the natural logarithm, and 7 € [0, +o0) is a constant related to

the problem, referred to as steepness.

Algorithm 4: Greedy ascent approach for the identification via a set of
known paths

Input: G= (V,A), W, I, p, r, k

Output: P

Compute cost matrix E ;

—

2 Initialize Py = @ ;

3foric{0,....k—1}do

4 t Py < PU{argminy 5 \p f(PU {P'H}:
5 P+ P,

6 repeat

7 OptValue + f(P) ;

8 | forp‘cPdo

9 [Pout, Pout] < LOCAL SEARCH(P,p,p) ;
L P < Pous 3

11 until f(P) < OptValue;
12 P < ASSIGN WEIGHT TO PATH(IT, P) ;

Concerning the complexity of Algorithm 4, we have already observed that com-
puting the cost matrix E at line 1 requires the solution of N|I1||A,| SP problems, so
that the complexity of this operation, if Dijkstra’s algorithm is employed to solve the
SP problems, is: O (N|II||A,| (JA| + |V|log(]V]))) (recall that N is the number of the
realizations of the cost vectors). The greedy algorithm (loop at lines 3-2) requires
a time O(k|A,|) for the greedy ascent version, and O(|A,|?) for the greedy descent
version. A more detailed analysis of the sensitivity of the algorithm to variations in
the cardinality of the discretization set A, is provided in Appendix C. Finally, the
number of iterations of the local search (loop at lines 6-11) is not fixed. Trivial upper
bounds for the number of iterations are available. For instance, since the number of

improvements cannot be larger than all possible subsets of A, with cardinality k, an
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upper bound is ('Ak"). But such bounds are much larger than the number of observa-
tions observed in practice. In fact, according to our experiments, the computational
impact of the local search is negligible, while the major computational cost comes

from the computation of the cost matrix E.

3.4 Computational experiments

This section describes the computational experiments performed with Algorithms 2
and 4 (ascent and descent versions), both implemented in MATLAB. The first algo-
rithm was tested on grid graphs with 1600 nodes using synthetic data, while the other
two algorithms were evaluated on the road network of the city of Parma, using data
provided by a bike-sharing service. All experiments were performed on a machine
equipped with an Intel® Core™ i7-4510U processor (2.60 GHz) and 16 GB of RAM.

3.4.1 Results for the synthetic instances

For the flow-based formulation we do not have available data coming from a real
road network. Therefore, to test Algorithm 2, we used synthetic data, for a grid net-
work G = (V,A) with 1600 nodes, and a set W made up of 1000 OD pairs. For each
w € W, we set the demand value u,, = 10. We considered the case r = 3, i.e., we
employed three distinct basic cost functions c¢!,c¢?,¢3, corresponding, e.g., to dis-
tance, safety and environmental conditions costs. Each component of these vectors
is an integer randomly generated in [5,20]. Such vector costs have been normalized
in such a way that the sum of their components is the same for all of them, i.e.,
Yi.j)eaCli = Liijjea €l = (i j)eA iy

We generated 100 instances for which an optimal set of weights P.s and the
related vector of probabilities ot are known in advance. To this end, Pt is made up
of five distinct weights p € A3. The distance between each pair of weights in Py is not
lower than 0.05 (weights are far enough from each other). We randomly generate the
vector of probabilities o', imposing that each component of this vector is not lower

than 0.05 (later, we will also consider cases with groups having small probabilities).
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Through (3.7)—(3.9) with P = P.f and ¢ = 04.f, We are able to compute the values
%;j for all (i, j) € A.

Next, we randomly select a subset of arcs A C A, with cardinality |A| = 0.4|A|.
It turns out that g(P.f) = 0, so that Ps and afer are the target solutions for these
instances. We set the following tolerance values tol; = 0.01, fol; = 0.85, and tol3 =
0.005, and we run Algorithm 2. We solve the Shortest Path problems through the
Matlab routine implementing Dijkstra’s algorithm, while we solve convex QPs
through Gurobi called via Yalmip. We employ the Mat 1ab routine for Hierar-
chical Clustering to identify clusters.

The results of the simulations show that the final values of the objective function
(g(P*)) are much lower than the initial ones (g(P;)). Indeed, while the average of the
latter is 861060, the average of the former decreases to 267.74. Given that the graph
under consideration comprises 6240 edges, and that the objective function is defined
as the sum of squared deviations over the observed edges (which correspond to 40%
of the total), it follows that the mean squared error per edge is 0.1. This suggests that

Algorithm 2 is quite effective in reducing the values of function g.

Note that the largest improvement is due to the first While loop. In fact, when,
at the end of this loop, we replace the final set P, with the set B of centroids of its
clusters, we even have a small increase of g, but such increase is counterbalanced by
the advantage of having significantly reduced the cardinality of the set of weights.
With the final local search we are able to further refine the set of weights and slightly

reduce the value of g.

Figure 3.1 displays the distribution of the Euclidean distances between the target
weights Pr and the weights P* returned by the algorithm. Specifically, the distance
between the two sets of weights is computed by solving an assignment problem that
pairs each weight in one set with a corresponding weight in the other set. Once the
optimal matching is determined, the Euclidean distances between the paired weights
are evaluated, and the overall distance is defined as the L, norm of the resulting dis-
tance vector. With one exception, such distances are rather small. The computational
costs of the algorithm are mainly due to the calls of the procedure IDENTIFICATION.

The main steps of this procedure require the solution of SP problems and of convex
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Figure 3.1: Distribution of the distances between the real weights and the weights
returned by Algorithm 2.

QPs. Figure 3.2 compares the cumulative time needed by the solutions of SP prob-
lems (upper picture) and by the solutions of convex QPs (lower picture). It is clear
that for these instances computing times are mostly determined by the solutions of
the SP problems.

Solving shortest path problems
T

1 1 1 1 1 1 1
60 70 80 90 100 110 120

Computational time (s)

Solving quadratic optimization problems
T T

beemomeenee 1 I bonmonsenmne oo

1 1 1 1 1 1
0 5 10 15 20 25 30
Computational time (s)

Figure 3.2: Computational time to solve the SP problems compared to the computa-

tional time to solve the convex QPs.

We have also explored the effect of class imbalance on the stability of the in-
ferred weights and class shares. To this purpose, we performed a series of tests on
100 instances generated as follows. Again, P is made up of five distinct weights
P € Az and the distance between each pair of weights in Pt is not lower than 0.05.
We randomly generate the vector of probabilities a*f, but, this time, imposing that

each component of this vector is not lower than 0.01, and that at least one component
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is less than or equal to 0.05. In this way, for each instance we considered at least
one user group of rather small size. From the obtained results, we can observe that
in some cases the algorithm fails to identify the small-sized group, although in most
cases it succeeds. However, the distance between the obtained solution and the opti-
mal one remains very small, as shown in Figure 3.3. By comparing this figure with
Figure 3.1, we observe that the median of the distances slightly increases and that
more outliers appear, although overall the distance remains low. It should be noted
that the employed distance is the Euclidean one, which does not take into account
the percentages associated with each group, but depends solely on the position of the

groups within the simplex As.

C - + H++ + + 4 +

0 0.2 0.4 0.6 0.8 1 1.2
distance

Figure 3.3: Distributions of the distances between real weights and weights returned
by Algorithm 2 in the case with groups of very small size.

We also performed some tests to evaluate the impact of the choice of parameter
k in Algorithm 2. To carry out this test, we generated 10 different instances on the
same graph, varying the costs, the observed arcs, and the OD pairs. However, we kept
the number of route choice criteria (i.e., the cardinality of P.f) equal to 5 across all
instances. We solved each instance with Algorithm 2 by varying k from 1 to 10. In
Figure 3.4 we report the final values of the objective function. Note that they decrease
up to kK =5, and then remain approximately constant, which shows that, as expected,
increasing k beyond the cardinality of Pr does not give any advantage.

Finally, we conducted a series of sensitivity tests to assess the impact of the rel-
ative size of subset A with respect to the full set of arcs A, on the accuracy of the
results. The size of the subset of arcs A reflects how many observations of street flow

are available, which in turn affects the inference of the route choice criteria. In these



50 Chapter 3. Identifying cyclists’ route choice criteria

x10°
‘
i
351 !
_ ‘
2 |
S 3r |
E |
‘
o5t |
g
g
Fg 27
@ Q
= \
EREIA RS
] \
5 \\\
B\ o+
B | \ i + + +
EOS?} E\ ; i | ! i
- 4
ol E A S S R S S -
2

Figure 3.4: Objective function values for different numbers of clusters k.

tests, we used a sequence of nested subsets of A (each one contained within the next
larger set) with sizes corresponding to percentages of the total number of arcs in A
ranging from 1% to 50%. Figure 3.5 shows the distributions of the distances between
the optimal solutions and those obtained with the algorithm, as the cardinality of set
A varies. We observe that starting from a size of A equal to 10% of the total number
of links in A, the estimated weights are very close to the optimal set of weights P
(the distance is always below 0.1), while as the percentage of observed flows falls
below 10% of the total number of arcs, the distance between estimated and optimal

set of weights becomes more significant.

Stochastic problem

We perform some experiments to evaluate the impact of introducing randomness
in the basic costs to account for the different users’ perception of such costs. To
this end we solve the stochastic formulation presented in Section 3.2.1 where costs
are modeled as random variables with a Gaussian distribution of the form ¢;; ~

A (cij,(0-¢;j)?). We test three cases with increasing variability o € {0.05,0.1,0.3}.
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Figure 3.5: Distributions of the distances between real weights and weights returned

by Algorithm 2 with varying |A|.

The tests are performed on a 625 node grid network G = (V,A), using the same con-
figuration specified in Section 3.4.1. To generate the observed flows, as before we
define in advance the optimal set of weights P, and the related vector of probabili-

P

ties a'=f, and assume that users choose the shortest path connecting their respective

OD pair, based on the deterministic arc costs ¢;;.

To solve these instances we used Algorithms 1 and 2 with N = 50 perturbations.
In Figure 3.6 we show the distances between the solutions returned by these algo-
rithms and the optimal ones. The figure shows that as the standard deviation increases,
the distance from the optimal solutions grows slightly, but the average value remains
between 0.1 and 0.2.Overall these tests confirm the robustness of the solutions, which
do not deviate significantly from the optimal ones even when we increase the vari-

ability of the basic costs.



52 Chapter 3. Identifying cyclists’ route choice criteria

]

o
3

o
S
T

distance
o
w

o
[N}

o

o
T

0.65 0.‘1 013
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by Algorithm 2 with varying ©.

3.4.2 Results for the Parma instances

We test Algorithm 4 to evaluate the behavior of users over the road network of the
city of Parma, Italy. This is represented by a graph with 7953 nodes and 11649 edges.
After giving a quantitative evaluation of different properties of the road network as
described in Appendix A (namely, for each road segment we evaluated its distance,
safety, and practicability), we use the information on the paths followed by bike-
sharing users, and through these data we formulate the optimization problem de-
scribed in Section 3.2. Next, we solved this problem through Algorithm 4 (both ascent
and descent greedy approaches), using the finite discretization Az of Az as in (3.18)
with discretization step & = % More specifically, we gathered approximately 2000
user routes from the bike-sharing system of the bike-sharing provider Dot t, a com-
pany operating in Parma. Figure 3.7 showd the paths provided by Dot t. The color
of the roads is based on the number of users that have passed through them. White
represents roads where none of the users from the sample have passed, while darker

colors are used for higher numbers of users, up to a maximum of 200 users.
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From now on, we will denote by p!, p?, and p? the weights associated exclusively

with a single one of the three basic costs. Specifically:
» p' =(1,0,0) represents a criterion based solely on distance.
» p?> = (0,1,0) represents a criterion based solely on safety.
» p? =(0,0,1) represents a criterion based solely on practicability.

Some pre-processing was required to remove outliers. Outliers are represented,
e.g., by users utilizing bike-sharing for leisure rides around the city, with starting and
ending point of their journeys nearly in the same location. Such users are not selecting
a ‘shortest’ path, where the path is shortest with respect to a suitable combination of
the three key indicators (length, safety, and practicability) that we have taken into
account. We define an outlier as a path 7; such that e(i, 1) > 1, where p! is the weight
associated to the distance. In other words, a path is classified as an outlier if its length

exceeds twice the length of the SP. We denote this set of outliers with O;:
0= {7[,' | e(i,l) > 1}.

According to this definition, 8.3% of the available paths were categorized as outliers
and therefore excluded from the study on user decision-making criteria.

Another set of outliers O, consists of users who select the best route based on
indicators other than distance, safety, and practicability. For instance, a user might
choose a route based on how well-lit it is, the presence of parks, pollution levels, or
other factors not considered in this study. These routes should therefore be excluded,
as they are not relevant for identifying behavior based on the costs considered in
our analysis. Within the same group of outliers we also include users who are not
‘optimizing’ some cost function but are simply roaming without a specific objective.
More precisely, we define O, as follows:

02:{77:,‘ ‘ min_ e(i,€)>1}.

| plel,

After the removal of outliers, the subset of routes, denoted as IT, contains 1715 routes.
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Figure 3.7: Paths provided by company Dott in Parma, Italy.
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One important aspect we needed to address was the selection of the number k of
weights to identify. This problem is conceptually similar to determining the number
of clusters in a clustering task. In fact, choosing the number of weights corresponds
to deciding how many behavioral groups the users should be divided into. Clearly, the
best fit to the data would be obtained by assigning one weight vector per user (i.e.,
dividing users into |TI| groups), but this is not our goal. Instead, we aim to group users
in a way that clusters together those with similar route choice behavior. The objective
is to strike a balance between model accuracy and interpretability, by identifying a
small number of representative behaviors that still allow us to achieve a good value

of the objective function.

To this end, we used dendrogram, a Matlab function which generates a
visual representation of a hierarchical clustering result, showing how clusters are
formed at each step by merging or splitting data points. It takes as input a linkage
matrix, typically produced by the 1inkage function, which encodes pairwise dis-
tances between data points. A dendrogram consists of many U-shaped lines that con-
nect data points in a hierarchical tree. The height of each U represents the distance
between the two data points being connected. By cutting the dendrogram at different
heights, we can determine the optimal number of clusters. Figure 3.8 shows the den-
drogram obtained on the weights in P. Note that cutting the dendrogram at a height
between 0.045 and 0.075 results in exactly k = 9 clusters. The only parameter re-
quired for this hierarchical clustering is the height /4 at which the dendrogram is cut.
In our case, we chose i = 0.05.

Once we have chosen the value of k, we can proceed by solving problem (3.20).
First, we solved it using the greedy ascent approach (Algorithm 4). In Figure 3.9 we
show the value of the objective function for k € {3,...,20} before and after applying
local search. In this case, the local search does not significantly improve the solution,
as the greedy approach already closely approximates the final solution of the algo-
rithm. We also notice that the final objective function value decreases fastup to k =9,
and then it still decreases but more slowly. This is a further confirm that setting k = 9
is a good choice in terms of interpretability. Note that the final value of the objective

function is relatively high (ranging from 260 to 280) because it represents the sum of
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Figure 3.8: Dendrogram.

Table 3.1: Weights for cyclists in Parma found with the deterministic formulation.

Choice Percentage Weights

Criteria of users distance | safety | practicability
p! 132 % 0.97 0.03 0
p’ 153 % 0 1 0
p’ 20.6 % 0 0 1
p? 12.3 % 0.25 0.75 0
p’ 11.2 % 0 0.69 0.31
p® 8 % 0.16 0.09 0.75
p’ 7.3 % 0.72 0 0.28
p 6.7 % 0.53 0.47 0
p’ 5.6 % 0.47 0.03 0.5
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Table 3.2: Weights for cyclists in Parma found with the stochastic formulation (o =

0.1).

Choice Percentage Weights

Criteria of users distance | safety | practicability
p! 13.8% 1 0 0
p’ 16.7% 0 1 0
p’ 18.8% 0 0 1
p? 7.4% 0.16 0.84 0
p> 9.2% 0 0.66 0.34
p® 9.4% 0 0.22 0.78
p’ 8.4% 0.63 0 0.38
pd 9.7% 0.41 0.59 0
p’ 6.6% 0 0.78 0.22

Table 3.3: Weights for cyclists in Parma found with the stochastic formulation (o =

0.3).

Choice Percentage Weights

Criteria of users distance | safety | practicability
p' 133 % 1 0 0
p’ 172 % 0 1 0
p’ 16.2 % 0 0 1
p* 9.9 % 0.19 0.81 0
p’ 9.4 % 0 0.66 0.34
p° 8 % 0 0.38 0.62
p’ 8 % 0.72 0 0.28
pd 9.5 % 0.53 0.47 0
p’ 8 % 0.31 0 0.69




58 Chapter 3. Identifying cyclists’ route choice criteria

Greedy Approach
330 : Y PP :

before local search
after local search

wW
N
o
T
I

310 7

300 .

290 1

280 7

Final value of the objective function
&

270 , ]

260 . . . . . . . .

Figure 3.9: Objective function values of the greedy approach before and after per-

forming local search.
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the relative errors across all the routes considered. If we consider the average relative

error of a single route, this is equal to 0.15, which can be considered as a low error.

The error is not equal to O for different reasons. First, we should recall that we
are assuming that users follow SPs, but we should not forget that they do not run SP
solvers to select them, so that deviations from optimal routes are possible. Next, we
introduced randomness in the definition of the basic cost values (distance, safety and
practicability) so that a path which is optimal with respect to a realization of the basic
costs and, thus, has a null error with respect to such realization, may not be optimal
with respect to another realization and, thus, has a strictly positive error with respect
to that realization. Finally, we restricted the attention to three features, but other fac-
tors may influence the users’ decisions (for example, the presence of shade during
summer or lighting at night). Just to confirm the importance of considering multiple
features influencing the choice of the cyclists, we can compare our solution consid-
ering three features with the one where cyclists are assumed to base their choice on
a single feature (namely, distance). In such case, the value of the objective function
would be approximately 738, which corresponds to an average relative error per sin-
gle route of about 0.43, thus much larger than the 0.15 average error per single route

obtained when considering all three features.

Figure 3.10a illustrates the weights generated by Algorithm 4, both before and
after the application of local search, which appear to be very similar. This confirms
that the greedy approach provides a solution that is already very close to the final

outcome, even before local refinement.

Note that in this figure, we report along the x-axis the weight pf associated to
distance, and along the y-axis the weight pé associated to safety. The weight pg as-
sociated to practicability is obtained by the following formula pg =1- pf — p’é. The
same final results are reported in Table 3.1. The first column lists the weights/route
choice criteria (p’) that have been identified, the second column lists the percentage
of users with that behavior, and the last three columns list the values that define the
corresponding three weights ( pf, pé, pg) related to distance, safety, and practicability,
respectively. The first three route choice criteria (p', p?, p°) are related to the individ-

ual basic costs, either distance, or safety, or practicability (p' is not exactly (1,0,0),
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but very close to it). The last six criteria, on the other hand, are derived as various
convex combinations, where the overall weight is predominantly distributed between
two basic costs: distance and safety, distance and practicability, practicability and
safety. In fact, from Figure 3.10a we observe that all final weights are distributed
along or close to the edges of A3, indicating that only a small percentage of the users
adopts selection criteria which are a combination of all three basic costs. This result
is interesting to interpret. We believe that, for most users, it is cognitively simpler
and more intuitive to prioritize a smaller number of features when selecting a route.
From our simulations, we observe that while there are cyclists who combine all three
attributes (distance, safety, and practicability), such behaviors are less frequent. The
most common behaviors tend to reflect a dominant preference for a single attribute,
such as minimizing distance for those in a hurry, or maximizing safety or practicabil-
ity for those with less time pressure. This aligns with the idea that decision-making is
often guided by the most salient or personally relevant criterion. This is our current
interpretation of the estimated weights. However, as part of future work, we plan to
design and administer a questionnaire to a representative sample of users in order to

further validate these findings and compare them with stated user preferences.

We also solved the problem with the greedy descent approach. The final results
are similar to those of the greedy ascent. However, as shown in Figure 3.11, the ascent
approach provides solutions with a lower final value of the objective function. The
difference between the two greedy approaches is significantly reduced after applying

the local search.

In Table 3.4, we present the computing times required to solve the problem in-
stance with k = 9 using the two different algorithms. Although these computing times
have to be taken with some care, since improved implementations are indeed possi-
ble, it appears quite evident that the fastest algorithm is the greedy ascent, which
solves the problem in less than three seconds. The larger number of iterations of the
greedy descent approach with respect to the greedy ascent approach (|A,| — k versus

k) strongly penalizes the former.

An interesting outcome of these simulations is that for many cyclists the safety

of the roads and their good maintenance are very important factors, not less impor-
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Figure 3.10: Weights obtained by the greedy ascent approach with k = 9 before and

after performing local search: (a) deterministic formulation, (b) stochastic formula-

tion with ¢ = 0.1, and (¢) stochastic formulation with ¢ = 0.3.

Table 3.4: Computing times of the two approaches.

Approach

Greedy Asc

ent | Greedy Descent

Computational time (s) 2.86

767.60
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tant than the length of a route. As already pointed out, this fact must be taken into
account when planning new interventions to improve the quality of the bike-network,
stressing the fact that improving existing infrastructures is as relevant as planning

new bike-network segments to reduce distances.

Stochastic problem

As for the flow-based formulation, we have also performed some experiments to
evaluate the impact of introducing randomness in the basic costs to account for the
different users’ perception of such costs, i.e., we addressed the problem arising from
the stochastic formulation presented in Section 3.1.3. These experiments allowed us
to consolidate the previously obtained results. Indeed, despite introducing perturba-
tions to the arc costs perceived by users, the outcomes remain similar. In particular,
the most frequent route choice criteria are confirmed, with percentages very close to
those obtained in the deterministic case.

More in detail, we considered a Gaussian distribution for the basic costs ¢;; ~
A (¢ij,(0-¢;j)?) with o € {0.1,0.3}. Tables 3.2 and 3.3 report the respective so-
lutions. From these tables we observe that the choice criteria associated with higher
user percentages remain nearly unchanged, while only those linked to lower percent-
ages exhibit significant variations. Specifically, notable variations are observed, both
with 6 = 0.1 and with ¢ = 0.3, for what concerns the choice criteria p® and p°,
whose corresponding percentages are both low (below 10%). These differences are
more easily visualized in the corresponding Figures 3.10b and 3.10c. In particular,
for the former case (6 = 0.1), note that p? changes its position completely, moving
closer to p3, while p® shifts less, and its distance component becomes null. For the
latter case (¢ = 0.3), note that p? gets closer to p>, and its percentage increases at the
expense of the percentage associated with p® (decreasing from 20.6% to 16.2%). As
for ¢ = 0.1, p® shifts towards a point with null distance component. Except for these
variations, the cyclists’ behavior obtained with different variability values remains
substantially the same. This consistency reinforces the robustness of the study and

supports drawing the same conclusions as previously stated.






Chapter 4

Optimizing cycling network design
within budget constraints

This chapter presents the cost reduction problem in bicycle networks. We formalized
the problem (see Section 4.1) and proposed a mathematical formulation for it (see
Section 4.2). To address this problem, we developed four solution approaches: two
exact and two heuristics, which are described in Section 4.3. Finally, we performed
computational experiments with all proposed methods, considering both randomly
generated and real-world instances, the latter based on data collected from the city of
Parma, Italy (see Section 4.4). Note that some of the definitions presented in Section
4.1 have already been introduced in Chapter 3. However, they are also included in
this chapter to make it self-contained and, consequently, facilitate the definition of
the problem addressed here. Furthermore, the papers by Praxedes et al. [94, 95] are

outcomes of the research described in this chapter.

4.1 Problem definition

A road network is represented as a directed graph G = (V, A), where the set of vertices
V corresponds to intersections, and the set of arcs A corresponds to roads that are

accessible to cyclists, including both dedicated bikeways and shared-use streets. Each
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arc (i, j) € A is associated with a cost vector co,, = (c(l)ij, e c(’)ij), where Cgij represents
the cost on arc (i, j) with respect to the road characteristic & € {1,...,r}, where the
number of road features is denoted by r. These characteristics can include length,
traffic capacity, safety indicators, pavement condition, among others. Cyclists can
be classified into distinct categories based on the importance that they assign to each
road feature when selecting a path to follow. Hence, the cost of an arc, for each cyclist

category, is defined as follows:
chijpfl te{l,....q},
h=1

where pfl represents the importance assigned to road feature s by cyclists category
¢. Each category £ € {1...,q} is associated with a weight vector p* = (p{,...,p"),
where ¢ denotes the number of profiles, pfl >0forhe{l,...,r},and })_, pf; =1.
Moreover, p’ is chosen by a fraction oy of the whole population of cyclists. Since
different features may have different units of measure, a normalization procedure of
costs cp is necessary. For further details on the definition of the cyclist profiles with
the related weights p, and the fractions ¢, we refer the reader to Chapter 3. In the
current chapter, we consider all these values as input data.

Furthermore, let W C {V x V'} be a set of OD pairs, where each pair w = (o,,,d,,)
has an associated demand u,, € N. Using the demand values, we define the difference
between the incoming and outgoing flows of cyclists traveling from o,, to d,, at node
i €V as follows:

Uy i =0y
U'=4q —u, i=d,

0 i€ V\{ow,dy}.

The main goal of this problem is to apply interventions to the network aiming at
minimizing the costs perceived by cyclists, which include their preferences for a set
of road features. Hence, let K denote the set of possible interventions, where each
intervention k € K affects a subset Ay C A of arcs. Note that the definition of the set
K and the corresponding sets Ay should be provided by infrastructure planners, who

must specify the interventions they intend to implement in their urban planning. The
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purpose of the studied problem is not to determine what they should do, but rather,
given their intended actions, to identify which interventions should be prioritized un-
der a limited budget. For the case study of Parma (Section 4.4.2), due to the lack of
available information regarding these sets, we define K based on a set of intervention
types described in Table 4.11. The corresponding arc sets A; are constructed follow-
ing the procedure detailed in Appendix F, which aims to select the most frequently

used arcs in the city.

The effect of intervention k on road feature & for arc (i, j) is represented by pa-

rameter ¢[}k. The new arc cost, when k is applied, is calculated as Cgij — fj‘.k. We

remark that cost reductions must fulfill the requirement that costs are positive even
when all interventions are performed. In addition, applying intervention k on arc (i, j)

incurs a monetary cost Tl-kj,

B, the objective of the problem is to determine a subset K* of interventions and the

referred to as the building cost. Therefore, given a budget

flows on each arc (i, j) that minimizes the overall cost perceived by cyclists, subject
to budget and demand constraints. Table 4.1 summarizes all the parameters of the
problem, while an example of the problem is illustrated in Figure 4.1 and described

in what follows.

Consider a graph G representing a road network with five vertices (V = {1,2,...,
5}) and only one OD pair (W = {(01,d1) = (1,5)}). Figure 4.1a illustrates the graph
G, and Figures 4.1b, 4.1c, and 4.1d show the three possible elementary routes from
node 1 to node 5, respectively. In this example, we have a single cyclist profile con-
taining only one cyclist (g = 1 and ¢; = 1), and we consider two road characteristics
(r = 2): distance and safety. The cyclist assigns weights of 0.35 to distance and 0.65
to safety, respectively (p! = {p},pl} = {0.35,0.65}). Furthermore, given a budget
B =€500,000, suppose we can apply two different interventions, k; and kj, to the
network, which affect only the safety criterion. The values for all the parameters in
this example are summarized in Table 4.2, where the column Distance (m) indicates
the length of the arcs in meters, while the columns Safety and Building cost (<1000
€) present the values of safety criterion and the monetary cost in euros for each arc,

respectively, considering each possible combination of applied interventions.

Note that, in Table 4.2, the arcs affected by the applied interventions in each
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Table 4.1: Summary of data and parameters for the cost reduction problem.

Bicycle network

% Set of vertices;

A Set of arcs;

w Set of OD pairs;

ow(dy) Origin (destination) vertex associated with OD pair w € W;

Uy Demand associated with OD pair w € W

Interventions

K Set of possible interventions;

Ay Subset of arcs affected by intervention k € K;

lel Cost of applying intervention k € K on arc (i, j) € Ay (building cost);

r Number of road characteristics;
i Cost perceived by the cyclist related to road characteristic

0y he{l,....r} onarc (i, j) € A;

o Cost reduction on arc (i, j) € A associated with road characteristic
ijk he{1,...,r}, due to intervention k € K;

B Budget available;

Cyclist profiles

q Number of cyclist profiles;

» f, Weight as'siz.gned by a cyclist of profile £ € {1,...,g} to the road

characteristic h € {1,...,r};
oy Fraction of the total cyclist population that belongs to profile £ € {1,...,q}.

(a) Graph.

O)O,

O—O Q@
©),

() ®

O @

_)@

®e

(b) Route 1. (c) Route 2.

®

(d) Route 3.

Figure 4.1: Problem example for only one OD pair and cyclist.
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Table 4.2: Parameter values for the cost-reduction problem example considering a

single OD pair.
Are Distance (m) Safety Building cost (x 1000 €)
0 {k} {k} {kk} 0 {k} {k} {k.k}

(1,3); (3,1) 890 0.90 0.55 0.90 0.55 0 350 0 350
(1,4); (4,1) 1220 025 025 0.25 0.25 0 0 0 0
4,3); (3,4) 765 048 048 048 0.48 0 0 0 0
(1,2); (2,1) 510 0.68 0.68 0.68 0.68 0 0 0 0
(2,9);(5,2) 635 049 049 0.28 0.28 0 0 280 280
(5.4); (4,5) 1980 030 012 030 012 0 125 0 125

Max 1980 090 0.68 0.90 0.68 Total O 475 280 755

scenario have their safety and building cost values highlighted. Moreover, a lower
safety cost value indicates a safer arc. Since we are comparing values of different
magnitudes and units (meters and safety scores), we normalize each road feature by

scaling its values relative to the respective maximum, as shown in Table 4.3.

Table 4.3: Normalized parameter values for the cost-reduction problem example con-
sidering a single OD pair.

. Safety Building cost (x 1000 €)
Arc Distance
0 {k} {k} {kk) 0 {k} {k} {kk}
(1,3); (3,1) 0.45 1.00 081 1.00 0.81 0 350 0 350
1,4); 4,1) 0.62 028 0.37 0.28 0.37 0 0 0 0
4,3); 3.9 0.39 053 0.71 0.53 0.71 0 0 0 0
(1,2); (2,1) 0.26 0.76 1.00 0.76 1.00 0 0 0 0
(2,5); (5,2) 0.32 054 072 031 0.41 0 0 280 280
(5.4); (4.,5) 1.00 033 018 033  0.18 0 125 0 125
Max 1.00 1.00 1.00 1.00 1.00 Total 0 475 280 755

In this example, given the available budget B, it is not possible to apply inter-
ventions k; and k, simultaneously. Hence, for the scenarios that do not exceed the
budget, we compute the total cost of each elementary route, considering the weight
vector p! associated with the cyclist, as described in Table 4.4.

Therefore, the route with the minimum cost, considering both distance and safety
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Table 4.4: Route costs for the cost-reduction problem example considering one OD

pair.

Total cost perceived by the cyclist along the path
0 {k1} {k2}
1 0.35%1.624+0.65 x0.61 ~ 0.96 0.35x1.62+0.65x0.55~0.92 0.35x1.62+0.65 x 0.61 ~ 0.96
2 0.35x1.844+0.65x1.86~1.85 0.35x1.84+0.65x1.70~1.75 0.35x1.84+0.65 x 1.86 ~ 1.85
3 0.35x0.584+0.65x1.30~1.05 0.35x0.58+0.65x1.72~1.32 0.35x0.58+0.65 x 1.07 ~ 0.90

Route

aspects, is Route 3 after intervention k» is applied. As a result, the optimal subset
of interventions for this example is K* = {k,}, and the cyclist will follow the path
corresponding to Route 3. As already mentioned, the example in Figure 4.1 refers
to the case of only one OD pair and one cyclist. However, the problem accounts for
all OD pairs present in the bicycle network and multiple cyclist profiles, where the
number of cyclists associated with a specific OD pair w € W and profile £ € {1,...,q}
is determined by the product between the demand u,, and the fraction a.

4.2 Mathematical formulation

Let fo be a non-negative continuous variable representing the flow of cyclists with
proﬁle te{l,...,q} onarc (i, j) €A, traveling from o,, to d,,, with w = (o,,,d,,) € W.
Moreover, let c . denote a non-negative continuous variable representing the cost
associated with road characteristic & € {1,...,r} on arc (i, j) € A, perceived by the
cyclists after the application of the interventions. Binary variable y; takes value 1 if
intervention k € K is selected to be applied, and O otherwise. Table 4.5 summarizes

the variables of the problem.

We can write a mathematical formulation for the problem as follows:

min Z Z ZZC ph ,] (4.1a)
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Table 4.5: Summary of variables for the cost-reduction problem.

Continuous variables

Cyclists’ flow on arc (i, j) € A, associated with OD pair w € W

P

Y and cyclist profile £ € {1,...,q};

n Cost on arc (i, j) € A associated with road characteristic
clt.

Y h e {1,...,r} after the application of the interventions.

Binary variables

Vi Indicates whether intervention k € K is applied.
s.t.
Y o= Y xf =y icevie{l,....qgh,wew (4.1b)
JEV: JEV:
(i.j)eA (Ji)eA
Y )Y cw<B (4.1¢)
keK (i,j) €Ak
oy =ct, = Y, Ol (i,))eAhe{l,....r} (4.1d)
kek
e €{0,1} keK (4.1e)
>0 (i,j)eALe{L,....q},weEW (4.1f)
;>0 (i,j)eAhe{l,....r}. (4.1g)

Objective function (4.1a) minimizes the overall cost perceived by the cyclists.
Constraints (4.1b) ensure the flow conservation and demand fulfillment, where U;"
represents the difference between the total incoming and outgoing flows at node i € V
for OD pair w € W. Constraints (4.1c) impose that the interventions must be selected
without exceeding the budget available. Constraints (4.1d) compute the costs on the
arcs based on the selected interventions. Finally, constraints (4.1e)—(4.1g) define the
domain of the variables.

Note that formulation (4.1a)—(4.1g) is non-linear, as it involves a product of vari-
ables in objective function (4.1a). However, by substituting c?j by means of con-

straints (4.1d), we observe that the nonlinearity arises from the product of a continu-
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ous variable xl”.j-({ , and a binary variable yy, as indicated in the following

q r
mn) Y Y ) (C&jpixi”f -y ¢£kp£ykx,”f) . (4.2)
{=1h=1

weW (i,j)eA kek

wlk

This type of product can be easily linearized by introducing auxiliary variables ;'

to substitute the product, which satisfy the following constraints:

g <My (i,j)€A, te{l,....q}, weW, keK (4.3a)
gt <Xt (G, j) €A Lef{l,....q}, weW, keK (4.3b)
>0 (i,j)€A, Lefl,....q}, we W, k€EK, (4.30)

where M is a sufficiently large constant, which, for instance, could be M = ayu,,.

Note that constraints z%k > x}j-z —M(1—y), for (i,j) € A, L€ {l,....q}, we W,
wik —
ij

are minimizing the objective function and the coefficients of variables z%" in (4.2)

and k € K (which guarantee that z x}jﬁ when y; = 1) are not necessary, since we

are negative, so that the value of these variables is always taken as large as possible
wek
ij

these additional constraints. Figure 4.2 illustrates a data flowchart for the proposed

at optimal solutions. Hence, when y;, = 1, we have z xl”-j-z, without the need for
optimization problem. Note that IT C IT denotes the set of measured paths within the
set of directed paths II of graph G, which is required by the procedure described in

Chapter 3 to identify cyclist route choice behavior.

4.3 Solution approaches

This section describes the four proposed approaches to solve the problem: a dynamic
programming algorithm (Section 4.3.1), a branch-and-bound method (Section 4.3.2),
and two heuristics (Sections 4.3.3 and 4.3.4) that use the dynamic programming for
the knapsack problem. For simplicity in the notation used to explain the proposed ap-
proaches, we define the following vectors for the parameters and variables introduced
in Sections 4.1 and 4.2. Specifically, let ¢o = [cgij, (i,j) €A,he{l,...,r}] and c =
[c?j, (i,j) € A,h € {1,...,r}] be the vectors of costs perceived by the cyclists before
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Input data
G = (V7A)s Ws Uy,
<t K. Ak, T 0. B

Input data
Ncn

i jko

Identification of cyclist
route choice behavior
(see Chapter 3)

@ Optimization method

Figure 4.2: Data flow chart of the proposed bikeway network design problem.

Solution

o *
xij,cij,K CcK

and after interventions, respectively. In addition, let p = [p’,£ € {1,...,q}] denote
the vector of cyclist weight vectors, and & = [y, £ € {1,...,q}] the vector of cyclist
fractions associated with the cyclist profiles. Also, consider T = [lej, keK,(i,j) € Axl
and ¢ = | i’}k, (i,j) €A,k e K,he {1,...,r}] as the vectors of building costs and cost
reductions, respectively. Finally, let x = [x% J(i,)) e A,we W, Le{l,...,q}] repre-
sent the vector of flow variables, and U = [U}",i € V,w € W] the vector representing
the differences between incoming and outgoing flows. It is worth mentioning that all

these parameters will be referred to as data.

4.3.1 Dynamic Programming

The first method consists of an explicit enumeration of feasible solutions, where each
state is associated with a subset of interventions that satisfies the budget constraint.
This procedure can be seen as a dynamic programming algorithm without a domi-
nance rule among the states. The absence of a dominance rule is due to the need of
keeping track all possible combinations of interventions, as will be explained later in
this section.

Before describing the method in further details, we first provide the following

relevant definitions. Let S be the set of states. Associated with each state s € S, we



74 Chapter 4. Optimizing cycling network design within budget constraints

have a subset K; C K of interventions and, thus, a feasible solution of the problem.

Therefore, we can define the states as follows:
§ = [GS;F(KY?-XKy)vKY] 4.4)

where: oy € {1,...,|K|} indicates the intervention being considered at the current
state; xg, denotes the flows corresponding to the optimal solution of problem (4.1a)—
(4.1g) when y;, =1 for k € K, and y; = 0 otherwise; and F(Kj,x) represents the

optimal cost of such problem, given by:

q r
FK.x)=Y Y Y ¥ <c&,.pfix:”f— )y ¢,-’;-kp£x:”f>, (4.5)
Afl=1h=1

weW (i,j)e keK;
which is equivalent to objective function (4.1a) for K;. We also introduce sets So C S
and Sy C S of initial and final states, respectively. In particular, Sy contains the single
state so = [1,F({},x(3),{}], while final states are all those for which oy = K|+ 1.
Next, we denote with T (Kj) the total building cost of all interventions in K, which
can be computed as:

TK)=Y Y . (4.6)

keK, (i,j)€AL

For each state s € S\ S , we can decide to add intervention O to Kj if the residual
budget given by B— T (K;U{0,}) is nonnegative. Otherwise, intervention oy cannot
be applied given the interventions in Kj. If the residual budget is insufficient for the
current intervention, a new state s’ = [0y, F(Ky,xk, ), Ky] is generated, where oy =
o5+ 1, xg, = x,, and Ky = K;. Conversely, when it is possible to apply o, states s’
and s” = [0y, F (Ky»,xk , ), Ky] are created, where oy = 0y + 1 and Ky = K, U {0 }.

Given the above, the proposed method, denoted as cost reduction model — dy-
namic programming (CRM-DP), starts with a queue of states containing only state
so =[1,F({},x(;),{}]. It then expands states that satisfy the budget constraint, check-
ing whether there is sufficient budget to add the current intervention to the existing
set. When a final state sy € Sy is reached, it is not enqueued but rather compared
with the current best solution. If its cost is lower, the best solution is updated. Other-
wise, this final state is ignored. At the end, the method returns the final state with the

smallest cost, which corresponds to the optimal solution.



4.3. Solution approaches 75

The pseudocode for CRM-DP is presented in Algorithm 5. In this pseudocode,
and in what follows, shortestPaths(dara, Kj) refers to solving formulation (4.1a)—
(4.1g) with y, = 1 for each k € K, and y; = 0 otherwise. In other words, it involves

solving the following formulation:

min }° Y i Z clippt (4.7a)

S.t.
Y o= Y xf =y ieVile{l,....gh,weWw  (47b)
jcV: jcV:

(i,))€A (J:i)€A

>0 (i,j)€ALec{l,....q},wEW, (4.7¢)

by computing the shortest paths for each OD pair w € W and cyclist weights vector
p'.t€{1,...,q}, using Dijkstra’s algorithm [26].

In Algorithm 5, lines 25 create the initial state so and add it to the state queue Q.
The main loop runs from line 6 to line 24. Specifically, line 7 removes the state from
the top of Q. From line 8 to 10, the state corresponding to not applying the current
intervention is created and then checked to determine whether it is final or not. In the
latter case, it is added to Q. In the former one, line 12 checks whether its solution cost
is lower than the cost of the current best solution f,i,, and update the best solution
if that is the case (lines 13-14). Furthermore, the same procedure is followed from
line 15 to line 24 for the state corresponding to applying the current intervention. The
only differences here are indicated in line 16, where it is checked whether there is
enough budget to apply the current intervention, and line 17, where the flow vector x
and the cost vector c are calculated, respectively. Lines 25-27 return the flow vector
x*, the cost vector ¢*, and the set of interventions K*, which are all associated with
the optimal solution.

The following numerical examples provide more details on how the method works.
The first, Example 1, illustrates how the states are generated and the optimal solution

is obtained, considering a small instance. The second, Example 2, clarifies the neces-
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Algorithm 5: CRM-DP

1 function CRM-DP(data)

2 x(},cqy < shortestPaths(data,{}) ;
3 50 < [LFE({}ag), {315

4 fnin < F({},x03) :

5 Q.enqueue({sp});

6 while |Q| > 0 do

7 Ser <— Q.dequeue() ;

8 s [Gscr + I’F(KSmes(,,)>KScr] 5
9 if 0,,, < |K| then

10 ‘ Q.enqueue({s'}) ;

11 else

12 Ssol < mi”(fminaF(KSmeqc,)) >
13 if fio1 # fnin then

14 t Ssol <= "5 fmin < ol 3

15 Ky < K, U{0,,,};
16 if B— T(KSH) > 0 then

17 XK, ,Csn < shortestPaths(data,Ky) ;
18 s" < [0y, + 1,F(Kg,xg, ), K] ;

19 if oy, < |K| then

20 ‘ Q.enqueue({s"}) ;

21 else

22 Jsot = min( fuin, F (Kgr,xk,,)) 5

23 if fso1 # finin then

24 | Ssot = ", fonin < fool

25 K* K, ;

26 x*,c* < shortestPaths(data,K*) ;

27 return x*,¢*, K* ;
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sity of tracking all possible subset of interventions instead of using a dominance rule
among the states based on the residual budget.

Example 1: Consider B =6 and K = {1,2,3,4}. In addition, let K("/) C K denote
the subset of interventions that affect the arc (i, j) € A. Table 4.6 indicates the values
for all parameters in this example, while the objective function values (see Eq. (4.5))
are provided during its description. Let s* be the state corresponding to the optimal
solution, with its cost value given by .#*, which is initially set to F({},x;;). The
method starts by building the initial state so = [1,F({},x(}),{}] and adding it to the

state queue Q.

Table 4.6: Cost reduction problem instance.

Arc Basic costs ¢f Building costs 7, Cost reductions ¢/,
(i, )) C(l),- ; C%, ; Tilj Tizj Ti3j Tfj k(D) iljk izjk
(1,2) 16.34 8.02 1.50 0.00 0.00 0.00 {1} 6.14 298
(1, 3) 36.54 72.05 1.25 0.00 0.00 0.00 {1}  26.85 42.57
2,1) 64.17 15.42 0.00 1.78 0.00 0.00 {2} 2530 8.98
2,4) 66.60 42.59 0.15 0.00 0.00 0.00 {1} 46.09 27.87
3,1 66.72  65.14 0.00 0.00 1.05 0.00 {3} 5643 57.48
3,4 25.84 17.72 0.00 0.00 1.02 0.00 {3} 530  8.11
4,2) 29.04 28.83 0.00 0.00 0.00 2.44 {4} 3.14 297
4,3) 72.21 68.98 0.00 0.00 1.03 0.00 {3} 48.13 27.28
—/- —/- Total: 290 1.78 3.10 2.44 /- - —/-
/- OD pairs W Cyclist weights p’ e R
/- (0w, dw) Uy 14 p/i p(2 oy - - -
—//- (3,2) 2 1 0.31 0.69 0.06 - - -
—I/- (1, 3) 5 2 0.28 0.72 0.30 /- - —/-
/- (2,3) 4 3 094 0.06 0.21 - - -
—/- —/- —/- 4 0.64 036 0.01 /- - —/-
—//- —I/- —//- 5 0.32 0.68 0.42 - - -
State queue (Q)

so = [LF({},xg), {}]

In state sg, after removing it from the top of O, we can apply the intervention
1, as B—T({1}) = 3.10 > 0. Consequently, the states s; = [2,F({},x(;),{}] and
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s = [2,F({1},x{1}),{1}] are generated and enqueued in Q.

State queue (Q)
S1 = [2,F({},X{}),{}]
§2 = [27F({1}7x{1}>7{1}]

In 51, we can apply the intervention 2, as B—T({2}) = 4.22 > 0 and then the
new states s3 = [3,F({},x),{}] and s4 = [3,F({2},x(2}),{2}] are generated and

enqueued in Q.

State queue (Q)
s2=[2,F({1},xp13),{1}]
s3=[3,F({},x),{}]
s4 = [3,F({2},xp23),{2}]

Similarly, in s,, we can apply the intervention 2, as B—T({1,2}) = 1.32 > 0.
Hence, the states s5 = [3, F({1},x(1y),{1}] and s¢ = [3,F({1,2},x(12}),{1,2}] are

generated and enqueued in Q.

State queue (Q)
s3=[3,F({},xp),{}]
sa = [3,F({2},xp23),{2}]
ss=[3,F({1},xp1y), {1}]
s6 = [3,F({1,2},x(12}),{1,2}]

The intervention 3 can be applied in s3, s4, and ss, since B— T ({3}) =2.90 > 0,
B—-T({2,3})=1.12>0,and B—T({1,3}) =0 > 0, respectively. However, it cannot
be applied in s¢, as B—T({1,2,3}) = —1.78 < 0. Therefore, after exploring those

states, we have the following state queue:
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State queue (Q)
s7=[4,F({},xg).{}]

ss = [4,F({3},x(31),{3}]

so = [4,F({2},x(23),{2}]
S10 = [47F({273}7x{2,3})7 {273}}

s =[4F({1},xp),{1}]
s =[4,F({1,3},x(15y),{1,3}]
S13 = [4,F({1,2},X{1,2}),{1,2}}

In 57, the states s14 = [5,F({},x(;),{}] and 515 = [5,F({4},x(4}),{4}] can be
generated, since B— T ({4}) = 3.56 > 0. However, as they are final states, they will
not be enqueued in Q. Therefore, we set:

T :mll’l{y*,F({},X{}),F({4},X{4})},
F* = min{755.65,755.65,749.57},
F* =749.57 and s* = S15-

State queue (Q)
sg = [4,F ({3},x(3;),{3}]
so = [4,F({2},x(23),{2}]
S10 = [4,F({2,3},X{2,3}), {2,3}]
s =[4,F({1},xp13),{1}]
S12 = [4,F({1,3},x{1,3}),{1,3}}
si3=[4,F({1,2},x10y),{1,2}]

In sg, we can apply the intervention 4 as B— T ({3,4}) = 0.46 > 0. Hence, we gen-
erate the final states s16 = [5, F ({3}, x(3}),{3}] and s17 = [5,F ({3,4},x(3.4),{3,4}].
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and we set:

9* = min{f%\*,F({3},x{3}),F({3,4},x{374})},
F* =min{749.57,671.43,671.43},
F* =671.43 and s* = s516.

State queue (Q)
so = [4,F({2},x(23),{2}]
si0 = [4,F({2,3},x231),{2,3}]
s =[4F({1},xp),{1}]
si2=[4,F({1,3},x013),{1,3}]
si3=[4,F({1,2},x112)),{1,2}]

Repeating the process for s, we have the states sig = [5, F({2},x2}),{2}] and
s19 = [5,F({2,4},x1241),{2,4}] as B—T({2,4}) = 1.78 > 0. Since they are final
states, they will not be enqueued. We set:

Fr=min{F" F({2},x2)), F({2,4},x2.4) }
Z* =min{671.43,690.96,684.87},
F* =671.43 and 5" = s16.

State queue (Q)
s10 =[4,F({2,3},x2.3}),{2,3}]
s =[4F({1},xp13),{1}]
si2 =[4,F({1,3},x(13),{1,3}]
si3 = [4,F({1,2},x712)),{1,2}]

In 510, on the other hand, only the final state s0 = [5,F ({2,3},x1231),{2,3}]
is generated, since B— T ({2,3,4}) = —1.32 < 0 and, therefore, the intervention 4
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cannot be applied. For that reason, we set:

F* =min{F", F({2,3},xp231) },
F* =min{671.43,631.53},
F*=631.53 and 5" = 520-

State queue (Q)
si = [4,F({1},x013),{1}]
siz=[4,F({1,3},x01.3),{1,3}]
s13=[4,F({1,2},x(123),{1,2}]

We can apply the intervention 4 in s1; as B—T({1,4}) = 0.66 > 0. Consequently,
the final states so1 = [5,F ({1},x{1y),{1}] and s22 = [5,F ({1,4},x{14}),{1,4}] are

generated. Hence, we set:
T :min{ﬂ*,F({l},x{l}),F({l,4},x{174})},

F* =min{631.53,434.89,428.80},
F* =428.80 and 5 = s575.

State queue (Q)
S12 = [4,F({1,3},X{1’3}),{1,3}}
S13 = [4,F({l,2},)€{172}),{1,2}}

However, in s;2, the intervention 4 cannot be applied, since B— 7 ({1,3,4}) =
—2.44 < 0. Hence, we have only the final state so3 = [5,F ({1,3},x(; 31),{1,3}], and

we set:
F* =min{ F" F({1,3},x113)},

Z* = min{428.80,340.75},
F* =340.75 and 5* = §23.
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State queue (Q)
13 = [4,F({1,2},X{172}),{1,2}}

Lastly, in s13, only the final state so4 = [5, F({1,2},x{12}),{1,2}] is generated as
B—T(1,2,4) =—1.12 < 0. We set:

T = min{ﬁ*,F({l,Z},X{172})},
Z* = min{340.75,370.19},
F* =340.75 and s* = §23.

Since Q is empty, the method stops and, therefore, the optimal solution is applying
the interventions K* = {1,3}, whose total cost perceived by the cyclists is .7 =
F({1,3},X{173}) = 340.75.

Example 2: Consider a graph G = (V,A), with set of vertices V = {1,2,3,4} and
set of arcs A = {(1,2),(2,3),(3,4),(1,4),(2,4)} (see Figure 4.3a). In this example,
we assume a single road feature (e.g., distance), one cyclist, and a single OD pair
w = (1,4). Moreover, consider a set K = {1,2,3,4} of interventions and the following

values for the parameters regarding basic costs and cost reductions.

Arc Basic costs Cost reductions
(i,J) b, K& gl
(1,2) 40 {1} 10
2,3) 50 {2} 20
3,4 20 {4} 15
(1,4) 100 %] 0
2,4) 80 {3} 40

The optimal path followed by the cyclist in the no-intervention scenario is illus-
trated in Figure 4.3b, with a cost of F({},x{;) = 100. Suppose that we are exploring
the states (4, F({1,3},xq131), {1,3}) and (4, F({1,2},x{12}), {1,2}), with solution
costs of F({1,3},x(; 33) = 70 (see Figure 4.3c) and F({1,2},x 53) = 80 (see Figure
4.3d), respectively.
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Figure 4.3: Example illustrating the necessity of tracking all possible subsets of in-

terventions.

The main assumption in this example is that the subsets {1,2} and {1,3} re-
sult in the same residual budget, meaning that 7({1,3}) = T'({1,2}). Hence, if the
dominance rule based on the residual budget were applied in CRM-DP, the state (4,
F({1,2},x12}), {1,2}) would be eliminated, as F ({1,2},x(;2,) > F({1,3},x(13})-
However, applying interventions {1,2,4} results ina cost of F ({1,2,4},x(124}) =
(see Figure 4.3f), which is lower than the cost of F({1,3,4},X(; 34y) = 70 when ap-
plying interventions {1,3,4} (see Figure 4.3e). Therefore, the dominance rule based
on residual budget is not valid for this problem, requiring the tracking of all possible

subsets of interventions.

4.3.2 Branch-and-Bound

The second proposed method is based on the well-known branch-and-bound (BB)

algorithm [60], widely used to solve combinatorial optimization problems. This al-
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gorithm consists of splitting the problem into subproblems (branching) and using
bounds to eliminate unpromising solutions (bounding).

In the context of the problem we aim to solve, the minimum-cost solution corre-
sponds to the subproblem in which all interventions are applied. Although this solu-
tion is not feasible due to budget constraint (4.1c), its cost serves as a lower bound
for the optimal solution. In addition, at each level of the BB tree, removing one inter-
vention results in a node whose solution cost is greater than or equal to the cost of its
parent node.

Given the above, the proposed BB approach, referred to as the cost reduction
model — branch-and-bound (CRM-BB), initializes the BB tree with a root node rep-
resenting the application of all possible interventions. New nodes are generated ac-
cording to a branching criterion (branching strategy) and, depending on the strategy,
each node corresponds to either keeping or removing a specific intervention. The
intervention considered at each node is selected based on a predefined criterion (in-
tervention selection strategy). More precisely, the first non-analyzed intervention is
selected from a sequence of interventions whose order depends on the chosen strat-
egy.

Since the set of selected interventions is predetermined at each node, as a result
of the relaxed budget constraint and the adopted branching strategies, exploring a
node consists of solving formulation (4.7a)—(4.7c). The solution cost obtained from
solving a node represents its corresponding lower bound. Moreover, upper bounds
are obtained when nodes containing a subset of interventions that satisfies the budget
constraint are reached. Nodes of the BB tree are selected according to node selection
strategies, which are based on breadth-first search (BEFS), depth-first search (DFS),
and best-bound search (BBS).

The proposed BB approach considers different strategies for branching and inter-
vention selection. Figure 4.4 illustrates the two branching strategies considered in this
work, namely binary branching and non-binary branching, through an example where
K = {1,2,3} and interventions are selected in ascending order of their identification
numbers.

In binary branching, each node generates two child nodes: the left child represents
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keeping the selected intervention, while the right child represents removing it (see
Figure 4.4a). In contrast, non-binary branching generates one child node for each
intervention that has not been removed (see Figure 4.4b).

To avoid generating duplicate nodes with identical subsets of interventions in the
non-binary case, we only remove interventions with identification numbers greater
than that of the intervention removed in the parent node. For instance, in Figure 4.4b,
the node corresponding to the subset {1,3} is generated from the root node by re-
moving intervention 2. Consequently, from this node, only intervention 3 is removed,
resulting in the child node corresponding to the subset {1}.

All possible nodes in the two examples from Figure 4.4 are explicitly enumerated
to compare the strategies with respect to lower bound computation. In both cases, the
highlighted nodes indicate where new lower bounds are computed. In the binary case,
these nodes correspond to the right child nodes (see Figure 4.4a), while all nodes in

the non-binary case require lower bound computation (see Figure 4.4b).

(a) Binary BB tree. (b) Non-binary BB tree.

Figure 4.4: Branching strategies.

Regarding intervention selection strategies, interventions are ordered according
to their identification numbers (i.e., 1,2,...,|K|) in the non-binary branching case.
For binary branching, we propose four selection criteria: building costs (BC), cost
reductions (CR), cost ratios (CRT), and intervention impacts (II), which are described

in what follows:
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* For the BC (building costs) criterion, interventions are ranked in non-ascending
order based on their total building cost, 7 ({k}), where {k} represents a subset
containing only intervention k (see Eq. (4.6)). The intuition behind this crite-
rion is to find feasible solutions more quickly by removing the most expensive

interventions first.

* For the CR (cost reductions) criterion, interventions are ranked in non-ascending

order according to the total cost reduction, calculated as

P
h
<1>(k) = Z Z (Pijkv
(i./)eA;h=1
where ®(k) represents the aggregated cost reduction associated with interven-
tion k. The idea of this criterion is to analyze the interventions that have greater
impact on the solution cost.

* For the CRT (cost ratios) criterion, interventions are ranked in non-ascending
order according to the ratio of total cost reductions to total building costs, given
by (®(k)/T ({k})). This third criterion allows the method to capture the trade-
off between the two previous criteria, identifying interventions whose impact

on the solution cost is high relative to their total building cost.

* For the II (intervention impacts) criterion, the impact of intervention k € Kj
is then measured as the difference between the total cost of applying the in-
tervention set K, F(Kj,xk,), and the total cost after applying the same inter-
vention set without k, /(K \ {k},xg\ (x}), where xg, and xk \ () represent the
optimal flow solutions for the respective scenarios. Interventions are ranked in
non-ascending order of their impact. Due to the higher cost to evaluate this
criterion with respect to the previous ones, the ranking is computed only for
nodes located at three different depths of the BB tree: 25%, 50%, and 75%.
The motivation for this criterion is to dynamically select the interventions with
the greatest impact on the solution cost during the exploration, taking into ac-
count the subset of interventions already selected at each node, as opposed to

statically sorting the set of interventions before starting the BB tree exploration.
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In what follows, the criterion for selecting interventions will be included as part
of the branching strategies for simplification. For example, binary branching with
intervention selection based on building costs will be denoted as building costs binary
(BCB). In addition, the non-binary branching strategy with the intervention selection
based on the identification number will be referred as unbalanced branching strategy.
The pseudocode for CRM-BB is presented in Algorithm 6.

Algorithm 6: CRM-BB

1 function CRM-BB(data, initial_ub, branching_strategy, search_mode)
2 is_feasible < FALSE ;

3 best_cost < initial_ub ;

4 Ky, < {};

Ky + sortInterventions(K,branching_strategy) ;

wn

6 co,Xp < shortestPaths(data,Kp) ;

nog <— (K(),F(KQ,X()), —1) N

8 BB_tree.add(ny) ;

9 while |BB_tree| > 0 do

10 ner < selectNode(search_mode) ;

11 is_feasible < checkFeasibility (K, ) ;
12 if is_feasible then

<

13 if (F(K,,,,xk,, ) < best_cost) or (F(K,,,,xk,,,) =
best_cost and |K,,,| < |K,,|) then

14 K,, < K,,, ;

15 L best_cost < F (K, , Xk, )

16 if F(K,,,,xx,, ) < best_cost then
17 t branching(n.) ;

18 K* <K, ;
19 x*,c* + shortestPaths(data,K*) ;

20 return x*,c¢*, K* ;
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In Algorithm 6, lines 2-7 initialize the root node and parameters of the method.
In particular, line 3 uses the solution costs obtained through the heuristics devel-
oped in this research (see Sections 4.3.3 and 4.3.4) as initial upper bounds for the
optimal solution, while line 5 sorts the initial set of interventions using the func-
tion sortInterventions(K,branching_strategy). The root node is then added to
the BB tree in line 8. The main loop runs from line 9 to line 17. The function
selectNode(search_mode) selects the current node (line 10) according to the cho-
sen search strategy (BFS, DFS, or BBS), while the function checkFeasibility(K,,,)
checks the feasibility of the node (line 11) by verifying whether the total building cost
is less than or equal to the available budget. If the node is feasible, the best solution
is updated either when the current solution cost is less than the best known cost, or,
if the costs are equal, when the current solution has fewer interventions than the best
solution (see line 13). Line 16 checks whether the current solution cost is less than
or equal to the best cost. If so, branching is performed in line 17 using the function
branching(n.,). Note that the lower bound of each node is computed during the
execution of branching(n,,), when the node is created. Computing bounds at node
initialization is necessary because the node’s cost influences its position in the BB
tree when the BBS strategy is used for node selection. Finally, lines 18—20 return the
flow vector x*, the cost vector c*, and the set of interventions K*, which represent the

optimal solution.

After explaining the complete procedure, we illustrate the CRM-BB method us-
ing the example from Section 4.3.1 with the best strategy combination (BCB + BBS).
Note that since interventions are sorted by the largest sum of building costs (see Table

4.6), they are removed in the sequence: 3 —1—4 —2.

Node 0
F({1,2,3,4},x(1234)) = 299.92
Node 1 Node 2
F({1,2,3,4},x112341) =299.92 | F({1,2,4},x71241) = 364.10

We start by solving the root node, 0, which considers all possible interventions

{1,2,3,4}. From this node, we generate two child nodes: node 1, by keeping all
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interventions, and node 2, which excludes intervention 3. Since we use BBS as the
node selection strategy, node 1 is explored next, as it has the lowest cost among the

open nodes.

Node 0
F({1,2,3,4},x(1234}) = 299.92
Node 1 Node 2
F({1,2,3,4},x112341) =299.92 | F({1,2,4},x7124)) = 364.10
Node 3 Node 4
F({1,2,3,4},x(1234y) =299.92 | F({2,3,4},x(234}) = 631.53

From node 1, we generate child nodes 3 and 4, where node 3 maintains the inter-
vention set of node 1, and node 4 removes intervention 1. Since node 3 has the lowest

cost among the open nodes, it is explored next.

Node 0
F({1,2,3,4},x112341) = 299.92

Node 1 Node 2
F({1,2,3,4},x112341) =299.92 | F({1,2,4},x{124)) = 364.10

Node 3 Node 4
F({1,2,3,4},x110341) =299.92 | F({2,3,4},x234;) = 631.53

Node 5 Node 6
F({1,2,3,4},x12341) =299.92 | F({1,2,3},x1123)) = 299.92

Following the same procedure, we generate child nodes 5 and 6 from node 3,
where node 5 corresponds to the intervention set {1,2,3,4} and node 6 to {1,2,3}.
Note that nodes 5 and 6 have the same solution cost. Ties are resolved based on the
number of interventions. Therefore, node 6 is the next to be explored, as it has fewer

interventions than node 5.
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Node 0
F({1,2,3,4},x{1)2'3?4}) =299.92

Node 1 Node 2
F({1,2,3,4},x(1234)) = 299.92 | F({1,2,4},x(124)) = 364.10

Node 3 Node 4
F({1,2,3,4},x1234) =299.92 | F({2,3,4},x(234) = 631.53

Node 5 Node 6
F({1,2,3,4},x112341) =299.92 | F({1,2,3},x(123}) =299.92

Node 7 Node 8

F({1,2,3},x(123)) = 299.92 F({1,3},x(1 3)) = 340.75

From node 6, we generate node 7, which includes intervention 2, and node 8,
which excludes it. Considering the criterion of selecting the node with the lowest
cost and that the ties are resolved based on the lowest number of interventions, the

next node to be explored is node 7.

Node 0
F({1,2,3,4},x(1234)) = 299.92

Node 1 Node 2
F({1,2,3,4},x(123.4)) = 299.92 | F({1,2,4},x(124)) = 364.10

Node 3 Node 4
F({1,2,3,4},x(1234)) =299.92 | F({2,3,4},x234y) = 631.53

Node 5 Node 6
F({1,2,3,4},x112341) =299.92 | F({1,2,3},x(123}) =299.92

Node 7 Node 8

F({1,2,3},x{123)) = 299.92 F({1,3},x(1 3)) = 340.75

In node 7, all possible interventions have already been removed. Therefore, no
more child nodes can be generated from it. The next node to be explored is node 5

since it has the lowest cost among the open nodes.
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Node 0
F({1,2,3,4},x{1,2'3?4}) =299.92

Node 1 Node 2
F({1,2,3,4},x(1234)) = 299.92 | F({1,2,4},x(124)) = 364.10

Node 3 Node 4
F({1,2,3,4},x(1234)) =299.92 | F({2,3,4},x234;) = 631.53

Node 5 Node 6
F({1,2,3,4},x1234)) =299.92 | F({1,2,3},x1123}) =299.92

Node 7 Node 8

F({1,2,3},x{123)) = 299.92 F({1,3},x(13)) = 340.75

Node 9 Node 10

F({1,2,3,4},x(1234)) =299.92 | F({1,3,4},x(134y) =340.75

In node 5, the child nodes 9 and 10 are generated by keeping and removing inter-

vention 2, respectively. Since node 9 has the lowest cost, it is explored next.

Node 0
F({1,2,3,4},x112341) = 299.92

Node 1 Node 2
F({1,2,3,4},x11234)) =299.92 | F({1,2,4},x;124}) = 364.10

Node 3 Node 4
F({1,2,3,4},x(1234)) =299.92 | F({2,3,4},x(234)) = 631.53

Node 5 Node 6
F({1,2,3,4},x11234y) =299.92 | F({1,2,3},x(123) = 299.92

Node 7 Node 8

F({1,2,3},x123)) = 299.92 F({1,3},x;3y) = 340.75

Node 9 Node 10

F({1,2,3,4},x110341) =299.92 | F({1,3,4},x;34) = 340.75

Similar to node 7, node 9 is also a leaf node since there are no remaining in-
terventions to remove. Nodes 8 and 10 have the same cost, but node 8 has fewer

interventions. Therefore, node 8 is selected to be explored.
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Node 0
F({1,2,3,4},x{1,2'3?4}) =299.92

Node 1 Node 2
F({1,2,3,4},x(1234)) = 299.92 | F({1,2,4},x(124)) = 364.10

Node 3 Node 4
F({1,2,3,4},x(1234)) =299.92 | F({2,3,4},x234;) = 631.53

Node 5 Node 6
F({1,2,3,4},x1234)) =299.92 | F({1,2,3},x1123}) =299.92

Node 7 Node 8

F({1,2,3},x{123)) = 299.92 F({1,3},x(1.3)) = 340.75

Node 9 Node 10

F({1,2,3,4},x(1234)) =299.92 | F({1,3,4},x(134y) =340.75

Node 8 is a special node for two reasons. First, it is a leaf node because no re-
maining interventions can be removed. Second, it is a feasible node with respect to
the budget constraints (4.1c). Therefore, node 8 becomes the node corresponding to
the best solution. Node 10 is the next to be explored.

Node 0
F({1,2,3,4},x12341) = 299.92

Node 1 Node 2
F({1,2,3,4},x110341) =299.92 | F({1,2,4},x;1541) = 364.10

Node 3 Node 4
F({1,2,3,4},x112341) =299.92 | F({2,3,4},x1234;) =631.53

Node 5 Node 6
F({1,2,3,4},x(1234)) = 299.92 | F({1,2,3},x(123)) = 299.92

Node 7 Node 8

F({1,2,3},x(123y) = 299.92 F({1,3},x( 3)) = 340.75

Node 9 Node 10

F({1,2,3,4},x11234y) =299.92 | F({1,3,4},x{134}) =340.75

Node 10 is also a leaf node and, although it has the same solution cost as the best
node, it is infeasible with respect to the budget constraints (4.1c). Therefore, our best
solution is still the solution corresponding to node 8. Node 2 is explored next, as it

has the lowest cost among the unexplored nodes.
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Node 0
F({1,2,3,4},x{1)2'3,4}) =299.92
Node 1 Node 2
F({1,2,3,4},x(123.4)) = 299.92 | F({1,2,4},x(124)) = 364.10
Node 3 Node 4
F({1,2,3,4},x(1234)) =299.92 | F({2,3,4},x234;) = 631.53
Node 5 Node 6
F({1,2,3,4},x11234y) =299.92 | F({1,2,3},x(123}) =299.92
Node 7 Node 8
F({1,2,3},x{123)) = 299.92 F({1,3},x(1.3)) = 340.75
Node 9 Node 10
F({1,2,3,4},x11034y) =299.92 | F({1,3,4},x1343) = 340.75

In node 2, child nodes could be generated, as there are interventions to be re-

moved, specifically intervention 1 in this case. However, since

F({1,2,4},X{172’4}) =364.10 > F({1,3},X{173}) = 34075,

which corresponds to the best known solution, we know that all nodes generated from
node 2 will have a cost greater than the best known solution cost. Therefore, we can
prune this node. A similar situation occurs with node 4, the last open node. We could

generate child nodes from it by removing intervention 4, but since

F({2,3,4},X{2’374}) =631.53 > F({1,3},X{1’3}) = 340.75,

we can also prune this node.
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Node 0
F({1,2,3,4},x{1)2'3,4}) =299.92

Node 1 Node 2
F({1,2,3,4},x(123.4)) = 299.92 | F({1,2,4},x(124)) = 364.10

Node 3 Node 4
F({1,2,3,4},x(1234)) =299.92 | F({2,3,4},x(234;) = 631.53

Node 5 Node 6
F({1,2,3,4},x11234y) =299.92 | F({1,2,3},x(123}) =299.92

Node 7 Node 8

F({1,2,3},x{123)) = 299.92 F({1,3},x(1.3)) = 340.75

Node 9 Node 10

F({1,2,3,4},x11034y) =299.92 | F({1,3,4},x1343) = 340.75

As there are no more nodes to be explored, the method stops, and the optimal so-
lution is to apply the interventions K* = {1,3}, withacost of #* = F({1,3},x(; 3}) =
340.75.

4.3.3 Heuristic approach based on an approximation as a knapsack prob-
lem

The third proposed method, named cost reduction model — heuristic based on knap-
sack dynamic programming (CRM-HKDP), is a procedure based on dynamic pro-
gramming for solving the knapsack problem. In this approach, we disregard the pos-
sible dependency between interventions as outlined in Example 2, and we approxi-
mate the problem as a knapsack problem, where each item in the knapsack represents
a possible intervention k € K. The profit of each intervention/item is measured as the
marginal gain of the intervention with respect to the no intervention scenario. Hence,

the method consists of solving the following knapsack problem formulation:

makaK(F({},x{}) — F({k},x()))7 (4.8a)
S.t.
Y IT{k}) ]y <B (4.8b)
kek

we{0,1} keKk, (4.8¢)
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where the weight of item k corresponds to the total building cost (see Eq.(4.6)) of
its associated intervention, F({},x;) is the total cost with no interventions, and
F({k},xky) is the total cost after applying intervention k. We can solve (4.8a)—(4.8¢c)
by using the standard dynamic programming approach for the knapsack problem
(hereafter referred to as SDPKP), whose complexity is O(|K|B). Since it is neces-
sary to compute |W|q shortest paths using Dijkstra’s algorithm, for each intervention
k € K, to build the knapsack items corresponding to (4.8a)—(4.8c), we proved the
following complexity result for CRM-HKDP.

Proposition 7. The overall complexity of CRM-HKDP is O(|K||W |q (|A|+ |V|1log(|V])) +
|K|B).

The pseudocode for CRM-HKDP is presented in Algorithm 7. In this algorithm,
lines 2-10 initialize the first row and first column of the decision matrix, as well as the
vector of items, which contains information about the interventions. The main loop
runs from line 11 to line 21, where the algorithm checks, for each value of residual
budget, whether an item should be added to the knapsack. After completing the deci-
sion matrix, the solution is retrieved in lines 22 to 25. Finally, based on the selected
interventions, the flows and costs are computed in line 26 and the best solution found
is returned in line 27.

The same numerical example (see Table 4.6) from Section 4.3.1 will be used to
illustrate how CRM-HKDP works (see Table 4.6). As this approach is equivalent to
SDPKP, the details of how the method works will be omitted. From the previous
example, we have fo = F({},x(;) = 755.65, F({1},x{1y) = 434.89, F({2},x(2)) =
690.96, F({3},x(3)) = 671.43, and F({4},x(4)) = 749.57. Therefore, we can com-

pute the weights and profits for each item, as indicated in Table 4.7.

Table 4.7: Values of weights and profits for the CRM-DP example.

Item Weight Profit

L [T{INT=3 fo—F({1},xqy) =320.76
2 (2H1=2  fo—F({2},xp2)) = 64.69
3 [T({3)1=4 fo—F({3},x;5)) =84.22
4 {4H1=3 fo _F({4},X{4}) =6.08




96 Chapter 4. Optimizing cycling network design within budget constraints

Algorithm 7: CRM-HKDP

1 function CRM—-HKDP(data)

2 xqy,c¢q) < shortestPaths(data,{}) ;

3 fo F({},xpy); items <[] ;

4 matrix < [ ] g|+1xp+1; matrix[0][0] < (0,FALSE) ;
5 for k + 1 to |K| do

6 X{k},C{k} ¢ shortestPaths(data,{k}) ;

7| items.append(IT({k})], fo— F({k}, ) :
matrix[k][0] < (0,FALSE) ;

®

9 for b+ 1to Bdo
| matrix|0][b] + (0,FALSE) ;

for k < 1 to |K| do

1

=]

1

—

12 for b < 1to Bdo

13 if items[k — 1].weight < b then

14 budget < b— items[k — 1].weight ;

15 profit < itemslk — 1].profit + matrix[k — 1][budget|.profit ;
16 if profit > matrix[k — 1][b].profit then

17 ‘ matrix[k][b] < (profit, TRUE) ;

18 else

19 t matrix[k|[b] <— (matrix[k — 1][b].profit, FALSE) ;
20 else

21 t matrix[k][b] < (matrix[k — 1][b].profit, FALSE) ;

2 b+ B;

23 for k < |K| to 0 do

2 L if matrix(k|[b].decision = TRUE then

=

25 t K* < K*U{k}; b < b—items[k — 1].weight ;

26 x*,c* < shortestPaths(data,K*) ;

27 return x*,c*,K* ;
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The solution to this knapsack instance is selecting items 1 and 2, which, in the
context of the studied problem, corresponds to the subset of interventions K* = {1,2}
with cost #* = F({1,2},x(; 2) = 370.19.

4.3.4 Alternating method

The fourth proposed method, named cost reduction model — alternating method (CRM-
AM), is similar to CRM-HKDP, since both methods propose approximations to the
knapsack problem. In this case, instead of assuming intervention independence as
in the first heuristic, CRM-AM considers a knapsack where the profits of the items
associated to the interventions change during the execution of the method.

CRM-AM starts by solving formulation (4.7a)—(4.7c) for the scenario where no
intervention is applied, obtaining the flow vector x. By fixing the flows in formulation

(4.1a)—(4.1g), we derive a new formulation:

q r
. { wl 0wl
min ). Y ;; <c8,.,.phx:§- =Y (Opil; m) (4.92)
=1h=1

weW (i.j)eA kek
S.t.
Y Y dw<s (4.9b)
keK (i,j)EAx
v €{0,1} kek, (4.9¢)

which is equivalent to the mathematical formulation of the knapsack problem, as
the first term in the objective function is constant. We solve this formulation using
SDPKP, after which we obtain a new set of interventions that minimizes the total
cost perceived by cyclists. This procedure is repeated until the solutions obtained by
solving formulations (4.7a)—(4.7¢c) and (4.9a)—(4.9c) have the same cost. We denote
with / the number of iterations until cost convergence. Hence, the complexity of
CRM-AM is O(I|W|q (|A|+ |V |log(|V]))), for computing the |W |g shortest paths in
each iteration, plus the complexity O(I|K|B) of solving I knapsack problems. Thus,
we proved the following complexity result for CRM-AM.
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Proposition 8. The overall complexity of CRM-AM is
O(I(|Wlq (|A]+[V[log([V])) +|K|B)).

Compared to CRM-HKDP, CRM-AM outperforms the previous heuristic when
the number of iterations 7 is small compared to the number of interventions |K|. The
value of I cannot be established in advance and may vary from instance to instance.
However, in practice, we observed that it generally holds that [ is significantly lower
than |K]|.

Algorithm 8 describes the pseudocode for this method, where knapsack(items)
refers to solving formulation (4.9a)—(4.9¢) using SDPKP. In this algorithm, line 2
initializes the current subset of interventions, K, with the empty set. Lines 5 to 12
solve formulation (4.7a)—(4.7¢) considering K, whereas lines 13 to 21 solve formula-
tion (4.9a)—(4.9¢) using the flow vector x, obtained after solving (4.7a)—(4.7¢). Line
22 checks whether the method has converged. If yes, the method stops and the so-
lution is returned in line 26. Otherwise, the method starts a new iteration. Note that
to prevent the method from looping indefinitely without cost convergence, a parame-
ter MAX _ITER is used to limit the number of iterations. However, convergence was
achieved in all computational experiments (see Section 4.4). Figure 4.5 presents the

method in a flowchart.

Solve (4.7a)— Solve (4.9a)-
Start —
(4.7c) (4.9¢)
No Convergence

Figure 4.5: Cost reduction problem solved using an alternating approach.

Since we have already explained how to obtain the shortest paths and solve the
knapsack problem (see Sections 4.3.1 and 4.3.3), we will not describe in detail how
CRM-AM works for the example considered in the description of the three previous

methods. Nevertheless, Figure 4.6 illustrates the solution obtained the method.
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Algorithm 8: CRM-AM

1 function CRM-2AM(data)

2 K+ {};

3 count_iter < 0 ;

4 while count_iter < MAX_ITER do

5

e e 9 &

10
11
12

13
14
15
16
17
18
19

20

21
22
23
24

25

x,c < shortestPaths(data,K) ;
costsp < F(K,x) ;
th<0;
for w e W do
for (i,j) € Ado
for / + 1to g do
for h < 1tordo

t fo <ty + cgij pflx}jﬂ ;

for k < 1 to |K| do
profit_k <+ 0;
for w e W do
for (i,j) € Ado
for / <+ 1to g do
for h < 1tordo

t profit_k < profit_k+ ¢i}}k pf,x};'-é ;

B it;ms.append(k, [T({k})],profit_k) ;

costgp,K < knapsack(items) ;
if 1o — costgp = costsp then
K — K, x*+—x,¢c" +c;
break;

count_iter < count_iter +1;

26 return x*,c*,K* ;
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First Iteration Second Iteration
K« {} K+ {1,2}
costgp = 755.65; costgp = 370.19;
ty — costgp = 370.19; to — costgp = 370.19;

Figure 4.6: Solution provided by CRM-AM method for the considered example.

According to Figure 4.6, the solution obtained by CRM-AM involves applying
the interventions K* = {1,2}, with a total cost perceived by the cyclists equal to
370.19. Note that it required two iterations to reach this solution. Table 4.8 summa-

rizes the solutions obtained by the four proposed methods.

Table 4.8: Summary of the solutions obtained by the four proposed methods.

Method K*  F(K*,xg~)

CRM-DP {13}  340.75
CRM-BB {13}  340.75
CRM-HKDP {12}  370.19
CRM-AM {12}  370.19

4.4 Computational experiments

This section describes the computational experiments conducted using the proposed
methods. We ran experiments on a set of randomly generated instances (Section 4.4.1),
to evaluate the performance of the methods, as well as on real instances (Section 4.4.2)
based on the real data collected from the city of Parma, Italy. All experiments were
performed on a machine with an Intel® Xeon® Silver 4316 processor with 2.30 GHz
and 125 GB of RAM, running Linux Ubuntu 22.04. CPLEX 22.1.1 was used as a
MIP solver. All algorithms were implemented in C++ (g++, version 11.4.0).
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Furthermore, for CRM-BB, all branching strategies were evaluated, as described
in Appendix D. Based on these tests, BCB proved to be the most effective and was

therefore adopted in the computational experiments presented in this section.

4.4.1 Results for the randomly generated instances

We considered graphs G = (V,A) representing grid networks of different sizes. More
precisely, we selected sizes in {4,8,16,32,40}. Instances with graphs derived from
grids with sizes of 4 or 8 are classified as small instances, those of size 16 as medium
instances, and those of size 32 and 40 as large instances. Based on the grid size,
the number of vertices is given by |V| = (grid_size)*> and the number of arcs by
|A| = 4 x grid_size x (grid_size —1).

Regarding the OD pairs, we defined |W| = [0.6 x |V

tions randomly selected from the set of vertices. Moreover, the demand (u,,) for each

|, with origins and destina-

OD pair is an integer number randomly sampled between 1 and 50.

For the set of interventions, the number of available interventions |K| was chosen
from set {10, 15,20}. The subset of arcs affected by each intervention (A;) consists
of a random number of arcs, ranging from 1 to [0.5 x |A|]. Each building cost (‘L’l-]j-)
is a real number randomly selected between 1 and 10, while the available budget (B)
represents a random percentage between 30% and 80% of the total building costs (see
Eq.(4.6) with K; = K).

We selected between 3 and 5 road characteristics, that is, r € {3,4,5}. For the
vector of costs cg, each cost c&j is a real number randomly selected between 1 and
100. Regarding cost-reduction vector ¢, we first assigned a randomly chosen real
number to each element (])f}k if (i, ) € Ay, or zero otherwise, for each intervention
k € K. Then, we normalized these values by the total cost reduction for arc (i, j)

and road feature &, given by (Zke KGd) q)l@k), so that q)ihjk € [0,1] and Y cx q)l.’}.k =1.
h

(i.j
cgij, where l[;_j) is a randomly chosen integer between 2 and 8, associated with arc

After normalization, each cost-reduction value q)l.h/.k is then multiplied by 0.1 x A e
(i, j) and road characteristic . In this way, we guarantee that all costs, even after the
application of all possible interventions, are positive. Recall that this is relevant since

shortest paths can be computed through the Dijkstra’s algorithm only if the arc costs
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are nonnegative.

To complete the instance set generation, we selected ¢ = 5 random cyclist weights,
whose sum of components equals to 1, and the Euclidean distances among them are
greater than 1 x 107>, Note that, in this research, both the weight vectors p! and the
cyclist fractions ¢y are assumed to be known. In Chapter 3, we discussed how to es-
timate them based on observed cyclists’ behavior on a cycling network. The final set
contains 135 instances (27 instances for each grid size), as we generated three differ-
ent instances for each combination of grid size, number of interventions, and number
of road characteristics.

Before presenting the results for all randomly generated instances, we selected
a subset of them and performed computational tests to compare the performance
of CRM-DP and CRM-BB (with BCB and BBS as branching and node selection
strategies, respectively). Specifically, we ran experiments on instances representing
grid networks with grid sizes (GS) of up to 16, as shown in Figure 4.7.

It is important to highlight that CRM-DP can be suitable in cases where B(%) is
lower than 50%, as illustrated in Figures 4.7a—4.7c. In such cases, CRM-DP outper-
formed CRM-BB in terms of computational time, since smaller budget values allow
only a few interventions, leading to the optimal state being reached more quickly. In
contrast, for these instances, feasible nodes in the BB tree tend to be located at deeper
levels. Overall, however, the presence of an implicit enumeration mechanism makes
CRM-BB the most suitable exact approach for this problem, as shown in Figure 4.7d,
which highlights the number of instances for which each method is the best choice.
Therefore, in the following experiments, we used only CRM-BB as the proposed ex-
act approach, since employing a complete enumeration procedure for larger instances

becomes intractable.

The results obtained for the randomly generated instances are presented in Ta-
bles 4.9 and 4.10. Each row of these tables reports the average results for the three
instances that share the same characteristics with respect to the graph, OD pairs, in-
tervention set, and number of road features (referred to as an instance group), as
indicated in column #inst. Column B(%) represents the percentage of the total build-

ing cost, considering all interventions, that is covered by the available budget. This
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parameter is calculated as B(%) = (B/T(K)) x 100 and refers to the average value
over the three instances of each group. Column #opt indicates how many instances
of each group were solved to optimality, while columns Gap (%) and Time (s) report
the average optimality gaps and computational times, respectively. All experiments
were performed considering a time limit of 16 hours (57600 seconds).

Table 4.9 presents a performance analysis of CRM-BB for each of the considered
node selection strategies (BFS, DFS, and BBS). In this table, the gap is calculated as
Gap (%) = (ub—1b) /ub, where ub and b denote the global upper and lower bounds
obtained after executing the method, respectively. CPLEX was also used to solve the
MILP reformulation of the problem for small and medium instances. However, the
solver required excessive memory, with 100 GB proving insufficient to solve medium
instances, as shown in Table 4.9.

From this performance analysis, we observe that all instances representing grid
networks with sizes up to 16 were solved to optimality. For grid sizes of 32 and
40, optimal solutions were obtained for all instances with up to 15 interventions. For
instances with 20 interventions, only two were solved to optimality when the grid size
was 32, while no optimal solutions were found for the case with 20 interventions and
grid size 40. The same results were observed for all three node selection strategies.
For these large instances (grid sizes of 32 and 40), BBS significantly outperforms
BFS and DFS in terms of average gaps. Moreover, BBS generally achieves better
computational times than the other strategies.

Focusing on the results obtained with the heuristic procedures, Table 4.10 com-
pares the performance of CRM-HKDP and CRM-AM. The column definitions are
the same as in Table 4.9, with the addition of a new parameter, Impr (%), which mea-
sures the percentage reduction, in cost, achieved by each heuristic, compared to the

case with no interventions, F({},x;). This parameter is defined as

F({},xy) — F (K, x5,)
F({},xp)

Impr(%) = x 100,

where K and x, denote the intervention sets and flow vector associated with the best

solutions obtained by each method m € {CRM-HKDP, CRM-AM}. Furthermore, the
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Table 4.9: Summary of the results obtained for the generated instances with the

branch-and-bound method.

Instances CPLEX CRM-BB (BFS) CRM-BB (DFS) CRM-BB (BBS)
\VI/IAl/W|/IK| r B(%) #inst Time (s) #opt  Gap (%)  Time (s) #opt  Gap (%)  Time (s) #opt  Gap (%)  Time (s)
3 61412 3 1.906 3 0.000 0.014 3 0.000 0.014 3 0.000 0.014
16/48/10/10 4 64.59 3 2.015 3 0.000 0.014 3 0.000 0.013 3 0.000 0.014
5 66.970 3 1.920 3 0.000 0.008 3 0.000 0.007 3 0.000 0.008
3 35771 3 5515 3 0.000 0.700 3 0.000 0.677 3 0.000 0.736
16/48/10/15 4 47738 3 5332 3 0.000 0.218 3 0.000 0.209 3 0.000 0.223
5 54234 3 9.661 3 0.000 0.464 3 0.000 0.460 3 0.000 0.462
3 55747 3 32.064 3 0.000 9.926 3 0.000 9.236 3 0.000 10.256
16/48/10/20 4 67711 3 15.259 3 0.000 0.952 3 0.000 0.861 3 0.000 0.946
5 56.379 3 26.583 3 0.000 12.276 3 0.000 11.452 3 0.000 12.826
3 60812 3 96.661 3 0.000 0.378 3 0.000 0.378 3 0.000 0.369
64/224/39/10 4 62.878 3 99.054 3 0.000 0.307 3 0.000 0.298 3 0.000 0.291
5 59.970 3 87.938 3 0.000 0.404 3 0.000 0.406 3 0.000 0.400
3 52.036 3 440.837 3 0.000 12.640 3 0.000 12.453 3 0.000 12.299
64/224/39/15 4 57.748 3 606.893 3 0.000 10.856 3 0.000 10.639 3 0.000 10.261
5 50512 3 615.206 3 0.000 15.255 3 0.000 14.811 3 0.000 14.537
3 58926 3 4584.470 3 0.000 247.859 3 0.000 243.312 3 0.000 246.247
64/224/39/20 4 49513 3 3956.888 3 0.000 551.597 3 0.000 539.624 3 0.000 539.468
5 64975 3 12017.193 3 0.000 201.775 3 0.000 193.754 3 0.000 193.964
3 61.253 3 - 3 0.000 6.539 3 0.000 6.514 3 0.000 6.094
256/960/154/10 4 66.550 3 /- 3 0.000 4.959 3 0.000 5.016 3 0.000 4.744
5 44.130 3 ~I- 3 0.000 12.396 3 0.000 12.361 3 0.000 12.058
3 47.075 3 —I- 3 0.000 307.211 3 0.000 303.524 3 0.000 294.217
256/960/154/15 4 67.793 3 /- 3 0.000 69.221 3 0.000 69.039 3 0.000 67.973
5 54592 3 - 3 0.000 215.737 3 0.000 213.483 3 0.000 209.351
3 56.792 3 —I- 3 0.000 5944.437 3 0.000 5893.551 3 0.000 5770.820
256/960/154/20 4 72.004 3 - 3 0.000 702.579 3 0.000 686.385 3 0.000 670.239
5 51.162 3 - 3 0.000 7549.701 3 0.000 7458.227 3 0.000 7293.532
3 37.604 3 /- 3 0.000 245.835 3 0.000 245.169 3 0.000 240.400
1024/3968/615/10 4 58.516 3 - 3 0.000 120.072 3 0.000 119.602 3 0.000 117.170
5 SLI119 3 /- 3 0.000 163.848 3 0.000 164.270 3 0.000 160.838
3 53.708 3 /- 3 0.000 4581.731 3 0.000 4544.019 3 0.000 4433.812
1024/3968/615/15 4 61.863 3 - 3 0.000 2793.548 3 0.000 2784.835 3 0.000 2732.203
5 37.228 3 /- 3 0.000 7491.121 3 0.000 7453.703 3 0.000 7290.507
3 46919 3 —I- 0 36.677  57600.000 0 36.654  57600.000 0 10.082  57600.000
1024/3968/615/20 4 56.687 3 - 1 22757  43606.623 1 22.757  43589.087 1 5304  43387.748
5 55902 3 /- 1 22.864  43702.481 1 22.855  43749.261 1 5.987 43544.516
3 56.998 3 /- 3 0.000 349.107 3 0.000 349.710 3 0.000 339.983
1600/6240/960/10 4 45316 3 —I/- 3 0.000 500.781 3 0.000 500.359 3 0.000 490.576
5 60913 3 - 3 0.000 282.558 3 0.000 282.835 3 0.000 276.314
3 39.760 3 - 3 0.000 18630.853 3 0.000 18654.874 3 0.000 18046.156
1600/6240/960/15 4 50.602 3 —I- 3 0.000 12325.981 3 0.000 12293.713 3 0.000 11992.578
5 60.779 3 - 3 0.000 7810.910 3 0.000 7783.660 3 0.000 7583.038
3 56.776 3 - 0 31.101  57600.000 0 31.068  57600.000 0 8.343 57600.000
1600/6240/960/20 4 55.867 3 /- 0 30.877  57600.000 0 30.893  57600.000 0 9.576 57600.000
5 50.639 3 —I- 0 33.212  57600.000 0 33.218  57600.000 0 12.617  57600.000
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gaps are calculated as

F(KI%X* ) - F(Kbestyxbest)

m

Gap(%) =
ap( 0) F(Kbes;,xbest)

x 100,

where Kj.; and xp., correspond to the intervention set and flow vector associated
with the best feasible solution identified by CRM-BB, including the optimal solution
when it is found. For cases where CRM-BB was not able to find feasible solutions
for instances of a group, the gaps of the heuristics with respect to the exact method
are calculated using the global lower bound instead of the cost of the best feasible
solution. This occurs for instances with grid sizes of 32 and 40, both considering 20
interventions.

From Table 4.10, we observe that CRM-HKDP and CRM-AM were capable of
finding solutions very close to the known optimal ones, with average gaps mostly
below 1% for both heuristics. In addition, both methods provide very similar so-
lutions, since the maximum difference in cost improvement averages (see columns
Impr (%)) between the two heuristics is below 1 percentage point. Their performance
is also similar with respect to the number of optimal solutions found, with 38 and
33 optimal solutions obtained by CRM-HKDP and CRM-AM, respectively. Despite
this similarity in solution quality, CRM-AM outperforms CRM-HKDP in terms of
computational time, especially in the experiments with large instances. This can be
explained by the fact that the number of iterations until cost convergence, I, is smaller
than the number of possible interventions, |K|, as discussed in the complexity analy-

sis of both methods (see Propositions 7 and 8).

4.4.2 Results for the Parma instances

We considered a graph G = (V,A) with 44820 nodes and 98578 arcs to represent the
city of Parma, Italy (Figure 4.8a). The set of OD pairs W and their corresponding de-
mands u,,, for w € W, were obtained from census data on the citizens of Parma [55],
resulting in a total of 3806 pairs. We selected three road features (r = 3) for the case
studies of Parma: length (h = 1, also referred to as distance), safety (& = 2), and prac-
ticability (2 = 3). The values of the basic costs cg[j, for (i,j)€Aandhe{l,...,r}, are
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Table 4.10: Summary of the results obtained for the generated instances with the

heuristic methods.

Instances CRM-HKDP CRM-AM
\VI/IAl/IW|/IK| r  B(%) #inst Impr (%) #opt Gap (%) Time (s) Impr (%) #opt Gap (%) Time (s)
3 61412 3 39.130 1 1.337 <0.001 39.130 1 1.337 <0.001
16/48/10/10 4 64594 3 35.879 2 0.163 <0.001 35.879 2 0.163 <0.001
5 66970 3 40.853 1 4.602 <0.001 41.817 1 2.602 <0.001
3 35.771 3 31.203 1 0.361 0.001 31.203 1 0.361 <0.001
16/48/10/15 4 47738 3 36.866 2 0.407 0.001 36.967 2 0.240 <0.001
5 54234 3 33.899 2 0.522 0.001 33.898 1 0.523 <0.001
3 55.747 3 34.801 0 1.809 0.001 35.563 0 0.679 <0.001
16/48/10/20 4 67711 3 42.339 0 0.855 0.001 42.674 2 0.268 <0.001
5 56.379 3 37.353 1 0.967 0.001 37.580 1 0.599 <0.001
3 60.812 3 35.491 1 1.063 0.015 35.204 0 1.415 0.003
64/224/39/10 4 62878 3 35.728 1 0.756 0.012 35.800 1 0.646 0.002
5 59.970 3 34.499 2 0.025 0.014 34519 3 0.000 0.003
3 52.036 3 32.194 1 0.174 0.016 32.119 0 0.274 0.003
64/224/39/15 4 57.748 3 31.678 0 1.300 0.018 31.879 0 1.063 0.003
5 50512 3 29.562 0 0.814 0.018 29.503 0 0.903 0.003
3 58.926 3 35.401 0 0.790 0.025 35.648 1 0.394 0.003
64/224/39/20 4 49513 3 29.747 0 0.989 0.026 29.866 0 0.801 0.004
5 64975 3 36.225 0 0.544 0.025 36.060 0 0.755 0.003
3 61.253 3 34.645 0 1.083 0.217 34.783 1 0.816 0.038
256/960/154/10 4 66.550 3 36.862 0 0.650 0.210 36.699 0 0.952 0.037
5 44.130 3 25.260 1 0.311 0.216 25.179 1 0.425 0.038
3 47.075 3 28.363 0 0.531 0.309 28.217 0 0.712 0.039
256/960/154/15 4 67.793 3 38.380 1 0.583 0.302 38.342 1 0.614 0.039
5 54.592 3 31.874 2 0.265 0.309 31.781 1 0.412 0.040
3 56.792 3 32.954 1 0.505 0.393 32.851 0 0.624 0.040
256/960/154/20 4 72.004 3 40.395 1 0.383 0.394 40.491 1 0.222 0.041
5 51.162 3 30.272 1 0.331 0.393 30.222 1 0.405 0.041
3 37.604 3 22.755 2 0.005 3.657 22.755 2 0.005 0.632
1024/3968/615/10 4 58.516 3 33.116 0 0.503 3518 33.448 1 0.005 0.614
5 51.119 3 29.686 3 0.000 3.472 29.555 1 0.164 0.606
3 53.708 3 30.979 2 0.152 5.075 30.899 0 0.269 0.628
1024/3968/615/15 4 61.863 3 35.275 1 0.284 5.014 35.405 2 0.067 0.622
5 37.228 3 21.863 0 0.231 4921 21.871 0 0.224 0.613
3 46919 3 26.767 0 11.665 6.566 26.846 0 11.543 0.636
1024/3968/615/20 4 56.687 3 32.247 0 6.115 6.598 32.407 0 5.855 0.646
5 55902 3 31.545 0 6.878 6.300 31.592 0 6.818 0.622
3 56.998 3 32.857 1 0.148 9.249 32.866 1 0.138 1.587
1600/6240/960/10 4 45.316 3 26.495 1 0.348 8.915 26.466 0 0.382 1.540
5 60.913 3 34319 3 0.000 8.908 34.241 2 0.135 1.553
3 39.760 3 23.706 0 0.387 12.586 23.632 0 0.485 1.551
1600/6240/960/15 4 50.602 3 30.040 2 0.076 12.707 29917 1 0.246 1.578
5 60.779 3 34.678 1 0.157 12.440 34.739 1 0.051 1.549
3 56.776 3 31.771 0 10.515 16.584 31.740 0 10.566 1.614
1600/6240/960/20 4 55.867 3 31.528 0 11.416 16.322 31.573 0 11.343 1.589
5 50.639 3 28.687 0 14.867 16.236 28.737 0 14.785 1.577
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the same as those used in Chapter 3. Moreover, the weights p = ( pfl' yeens pﬁ, e pf),
together with the cyclist fractions ay for £ € {1,...,q}, correspond to those estimated
in the previous chapter, which is a study on route choice criteria in Parma. Table 4.11
presents these weights, as well as the intervention types considered for the Parma

instances.

Table 4.11: Cyclist weights and intervention types for the Parma instances.

Cyclist weights p’ Intervention types
pl{ pg pg oy Add a bike crossing (ABC)
0.97 0.03 0.00 13.2% Add protective elements (APE)
0.00 1.00 0.00 15.3% Build a bike lane (BBL)
0.00 0.00 1.00 20.6% Build a bike path (BBP)
0.00 0.69 0.31 11.2% Improvement pavement maintenance (IPM)
0.47 0.03 050 5.6% Install markings (IM)
0.25 0.75 0.00 12.3% Install signage (IS)
0.16 0.09 0.75 8.0% Modify lane dimensions and remove bottlenecks (MDB)
0.72 0.00 0.28 73% Modify pavement material (MPM)
0.53 047 0.00 6.7% Remove protrusions (RP)

Neolie SRR e Y R S I SR BN

Let J denote the set of intervention types listed in Table 4.11. Each intervention
type 1 € J has an associated list L; containing all arcs in the Parma network that are
eligible to receive an intervention of type 1. Since these candidate lists L, are very
large, with some containing thousands of arcs, the sets K and J cannot be equivalent.
In practice, |Ay| for each intervention k € K is much smaller than |L, |, where 1 denotes
the type associated with intervention k. For this reason, for each intervention type t,
we selected multiple arc subsets from L,. Each selected subset becomes an arc set
A C L, and each Ay defines an intervention k € K of type 1. Consequently, K contains
all such interventions generated across all intervention types. The full procedure for
constructing the intervention set K and the corresponding arc sets Ay, as well as the
computation of the cost reductions q)l.’;.k for (i,j) €A, ke K,and h € {1,...,r}, is
described in Appendix F. Regarding the building costs ‘L',-kj,k € K,(i,]) € Ay, they
were estimated based on the regional price list of Emilia-Romagna, Italy [98], where
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the city of Parma is located.

To complete the generation of the real-data instances, we selected the center of
Parma, the area most frequently traversed by cyclists according to census data [55],
and divided it into five sections: (C)enter (Figure 4.8b), (N)orth, (S)outh, (W)est, and
(E)ast. For each section, except for the center, we extended the border beyond the city
center zone, resulting in the northern (Figure 4.8c), southern (Figure 4.8d), western
(Figure 4.8e), and eastern sections (Figure 4.8f).

Each section, as well as combinations of these sections, was considered as a dis-
tinct graph. The motivation for also analyzing isolated portions of the city is that in-
frastructure planners often work by evaluating a specific zone and preparing a plan for
it, rather than allocating a large budget to the entire city. Moreover, analyzing smaller
sections reduces computational complexity and allows us to explore a broader range
of scenarios instead of considering only full-city cases.

Note that the number of OD pairs and possible interventions was adapted to each
region. The criterion for selecting combinations was that the number of possible in-
terventions affecting the corresponding region should be greater than or equal to 10.
Hence, graphs of different sizes were created, ranging from 2247 nodes and 4786
arcs to the full city graph, as described in Table 4.12.

For each city area in Table 4.12, we created three distinct instances, considering
budgets B representing 30%, 55%, and 80% of the total building costs (4.6). Con-
sequently, we obtained a final set of 36 real-world instances representing the city of
Parma. The results of the computational experiments with CRM-BB (with BBS as
search strategy), CRM-HKDP, and CRM-AM are reported in Table 4.13, in which
each row corresponds to a single instance. Since the costs for distance, safety, and

practicability were normalized in these instances, the gaps are calculated as

ub—1b

Gap,(%) = ——————— x 100 for CRM-BB, and
F({},xy)—1b
F(K;:ux:;)_F(Kbeshxbest)

Gapp(%) = x 100 for CRM-HKDP and CRM-AM.

F({}ﬁx{})_F(Kbesnxbest)

As shown in Table 4.13, CRM-BB found the optimal solutions for 13 out of 36

instances of Parma, although it generally required relatively extensive computational
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Figure 4.8: Graphs corresponding to the city of Parma and its sections.
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Table 4.12: Parma instances.

Instance
City sections
City area VI/IAl/IWI/IK]|
C(E) 2247/4786/72/14 Figure 4.8f
C(C) 3650/8542/331/28 Figure 4.8b
C(E+W) 4190/9072/167/20 Figures 4.8f and 4.8¢
C(W+C) 5565/12800/647/30 Figures 4.8e and 4.8b
C(E+C) 5849/13276/601/40 Figures 4.8f and 4.8b
C(S) 5974/13442/215/17 Figure 4.8d
C(C+E+W) 7764/17534/958/42 Figures 4.8b, 4.8f, and 4.8e
C(W+S) 7917/17728/310/23 Figures 4.8¢ and 4.8d
C(E+S) 8221/18228/287/31 Figures 4.8f and 4.8d
C(S+C) 9567/21924/736/45 Figures 4.8d and 4.8b
City center  19359/43564/1844/59 Figures 4.8b, 4.8c, 4.8d, 4.8e, and 4.8f
Complete city 44820/98578/3806/59 Figure 4.8a

time in some cases. For the instances in which the optimal solution was not found
within the time limit, the largest normalized gaps occurred for those with B (%) equal
to 30%. When B (%) was 55%, most normalized gaps were below 5%, whereas for
B (%) equal to 80%, the maximum normalized gaps were all below 0.001%. This
behavior can be explained by the fact that smaller budgets allow only a few interven-
tions, and thus feasible nodes in the BB tree tend to be located at the deeper levels,
requiring more time to be reached.

Regarding the results attained by the heuristic procedures, both CRM-HKDP and
CRM-AM were capable of finding the known optimal solutions for most Parma in-
stances within highly efficient computational times. As before, when no feasible so-
lution provided by CRM-BB is available, the normalized gaps for the heuristics are
calculated using the global lower bound instead of the cost of the best feasible solu-
tion. This occurs in cases where, for CRM-BB gaps greater than 0.001%, at least one

of the heuristics has the same gap as the exact method.

Although both methods are efficient in terms of time, CRM-AM demonstrates
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Table 4.13: Summary of the results obtained for the instances of Parma.

Instances CRM-BB CRM-HKDP CRM-AM

City area VI/IAl/IW|/IK]| B (%) Gap,(%)  Time (s) Gap,(%)  Time (s) Gap,(%) Time (s)
30.000 0.000 231.496 0.000 1.582 0.000 0.209
C(E) 2247/4786/72/14 55.000 0.000 91.007 0.000 1.602 0.000 0.211
80.000 0.000 90.959 0.000 1.581 0.000 0.213
30.000 18.179  57600.000 18.179 15.621 18.179 1.110
C(C) 3650/8542/331/28 55.000 0.205 57600.000 0.205 15.652 0.205 1.125
80.000 0.000 2654.111 0.000 15.623 0.000 1.148
30.000 0.000 4005.257 0.000 4.872 0.000 0.469
C (E+W) 4190/9072/167/20 55.000 0.000 2006.588 0.000 4.896 0.000 0.475
80.000 0.000 2003.039 0.000 4.873 0.000 0.479
30.000 32.026  57600.000 32.026 52277 32.026 3.430
C (W+0O) 5565/12800/647/30  55.000 6.734 57600.000 6.734 52.569 6.734 3.436
80.000 0.000 2309.710 0.000 52.301 0.000 3.458
30.000 4.004 57600.000 4.004 74.245 4.004 3.726
C (E+C) 5849/13276/601/40  55.000 0.248 57600.000 0.248 74.043 0.248 3.759
80.000 <0.001  57600.000 0.054 74.253 0.123 3.794
30.000 0.000 12131.988 0.000 10.274 0.000 1.131
C(S) 5974/13442/215/17  55.000 0.000 3026.803 0.000 10.297 0.000 1.123
80.000 0.000 1769.648 0.000 10.291 0.000 1.122
30.000 20.573  57600.000 20.573 149.982 20.573 7.201
C (C+E+W) 7764/17534/958/42  55.000 3.010 57600.000 3.010 148.429 3.010 7.168
80.000 <0.001  57600.000 0.000 149.234 0.000 7.219
30.000 3.533 57600.000 3.533 17.903 3.533 1.492
C (W+S) 7917/17728/310/23  55.000 0.000 29858.791 0.000 17.884 0.000 1.501
80.000 0.000 29853.677 0.000 17.930 0.000 1.516
30.000 5.131 57600.000 5.131 23.377 5.131 1.501
C (E+S) 8221/18228/287/31  55.000 <0.001  57600.000 0.000 23.289 0.000 1.517
80.000 <0.001  57600.000 0.000 23.210 0.000 1.526
30.000 13.962  57600.000 13.962 145.447 13.962 6.604
C (S+C) 9567/21924/736/45  55.000 1.846 57600.000 1.846 145.483 1.846 9.893
80.000 <0.001  57600.000 0.419 145.844 0.836 6.572

30.000 15.744  57600.000 15.744 921.538 17.944 47.230

City center 19359/43564/1844/59  55.000 1.754 57600.000 1.754 917.529 1.754 31.831
80.000 <0.001  57600.000 0.000 924.534 0.000 31.461

30.000 14.670  57600.000 14.670  4848.273 15.132  251.279

Complete city 44820/98578/3806/59  55.000 1.523 57600.000 1.523 4850.964 1.523 164.579

80.000 <0.001  57600.000 0.000 4868.558 0.079 166.515
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even greater efficiency, particularly for the instances representing the complete city.
In these cases, CRM-AM reaches cost convergence in a number of iterations much
smaller than the number of possible interventions and is therefore more effective for
very large instances than CRM-HKDP, even though the latter achieves slightly better
normalized gaps in some cases, as shown in Table 4.13.

To complete the analysis of the results obtained for the Parma instances, Figure
4.9 shows the number of occurrences of each intervention, considering the experi-
ments on all instances using the CRM-AM method. This figure indicates that, among
all intervention types, only adding bike crossings (ABC), building bike paths (BBP),
installing markings (IM) and signage (IS), and removing protrusions (RP) had all of
their associated individual interventions applied (see Appendix F for more details on

the generation of the Parma instances, including the number of interventions associ-

ated with each type).
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Figure 4.9: Frequency of application for each intervention.

An important fact to highlight is that, despite being more expensive, constructing

bike paths is preferred over building bike lanes (BBL), demonstrating the importance
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that cyclists in Parma assign to the safety criterion, as bike paths are safer than bike
lanes. Moreover, although not all interventions of the type adding protective elements
(APE) were applied, the frequency of this intervention type at the locations covered
by interventions 13 and 14 is relatively high, indicating its relevance depending on the
scenario. Lastly, Figure 4.9 also shows that simple actions such as installing markings
and removing protrusions can make a significant difference in minimizing cyclists’
costs in Parma.

Figure 4.10 illustrates the frequency distribution of the intervention types across
different portions of Parma. It shows that the most implemented intervention types,
such as ABC and BBP, affect multiple portions of the city, with interventions selected

in most instances.

Complete city

City center 3 3 2 0 3 8
20
C (5+0) 3 3 3 0 0 0
C (E+9) 0 0 0 0 0 9
©
o C (W+5) 0 0 0 0 2 0 15
© >
2 C(C+E+W) 3 3 3 0 3 9 ;CJ)
(9] >
© c(S) 0 0 o 0 0 0 g
e 10%
© C (E+C) 3 3 5 0 0 9
fa
C (W+C) 3 3 2 0 3 0
C (E4+W) 0 0 0 0 3 9 5
C(C) 3 3 5 0 0 0
C (E) 0 0 0 0 0 9
—lo
ABC APE BBL BBP IPM IM IS MDB MPM RP

Intervention type

Figure 4.10: Application frequency of intervention types in Parma city areas.

Figure 4.10 also highlights that planning investments for combined areas of the
city is not simply the sum of planning investments for those same areas considered
separately. This is illustrated, among others, by the cases of center-south, C(S), and

center-center, C(C), compared with the case in which these two regions are com-
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bined, C(S+C). For instance, when considering the combined area, it is preferable to
decrease investments in ABC and IS interventions and invest more in BBL. and BBP
interventions. This reinforces that allocating a larger budget to combined areas can
lead to different outcomes than implementing interventions with smaller budgets in
isolated areas, whether simultaneously or at different times.

Finally, interventions of the types improving pavement maintenance (IPM) and
modifying pavement material (MPM), although not relevant for the entire city, are
frequently applied in the central and western portions, respectively, whereas inter-
ventions of the type modifying lane dimensions and removing bottlenecks (MDB) are

included only in the investment plans for the entire city.
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Figure 4.11: Identified interventions in Parma city. The circled interventions are

shown in detail below.

The map in Figure 4.11 shows all the interventions identified in the city of Parma
using the CRM-AM method (similar solutions were also obtained with the CRM-
HKDP and CRM-BB methods), considering a budget equal to 80% of the total build-
ing costs. Six of these interventions are detailed in what follows.

Intervention A concerns the construction of a bike path along Strada Langhirano.
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(c) IS in Piazzale Barbieri.

N

(e) ABC in Via Emilia Est. (f) RP in Via Emilia Est.

Figure 4.12: Selected locations in Parma where the proposed interventions will be
implemented. Source: Google Street View (Google LLC).
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As shown in Figure 4.12a, a bike lane already exists on this street, but it is particu-
larly unsafe for cyclists. Strada Langhirano is a highly trafficked road, as it connects
Langhirano, one of the largest municipalities in the province, with the city center
of Parma. Moreover, this street is heavily used by cyclists, especially students com-
muting to the university campus. This intervention is therefore fully aligned with the
city’s mobility needs.

Intervention B involves the construction of a bike lane on Via Rasori, which pro-
vides secondary access to Parma’s hospital (see Figure 4.12b). Although it is not the
main entrance, this street is used by a significant number of cars and bicycles. The
introduction of a bike lane would improve safety along this segment, where cyclists
are currently forced to share the roadway with motor vehicles.

Intervention C focuses on the installation of signage in Piazzale Barbieri (see
Figure 4.12c). This square is one of the most unsafe areas in Parma, with numer-
ous accidents involving cyclists reported in the past. Improved signage would help
regulate the interaction between cars, buses, and bicycles, enhancing overall traffic
safety.

Intervention D consists of adding protective elements in Piazzale Rondani (see
Figure 4.12d). This area is frequently used by students cycling to nearby high schools.
As there is currently no dedicated cycling infrastructure, the addition of protective
elements would significantly improve cyclist safety.

Intervention E concerns the introduction of cycle crossings along Via Emilia Est.
This is one of the city’s main arterial roads, running east—west across Parma. While
a bike path exists on both sides of the street, there are currently no cycle crossings
connecting them, limiting safe bicycle movement across the road (see Figure 4.12e).

Finally, as shown in Figure 4.12f, Via Emilia Est includes several segments where
various obstacles are present along the bike path, making it difficult for cyclists to
pass. Intervention F therefore proposes the removal of these protrusions in order to
improve the practicability of the bike path. Given the six detailed interventions, this
real-world application demonstrates that the proposed methods can serve as highly
effective tools for decision support.






Chapter 5

Bicycle and motorized vehicles

integration in urban networks

This chapter introduces an extension of the problem described in Chapter 4, which
integrates bicycles and motorized vehicles into road networks. Section 5.1 defines
the proposed extension, while Section 5.2 presents its mathematical formulation. It
is worth noting that the research presented in this chapter is still ongoing. Therefore,
a potential solution approach (see Section 5.3) is currently being implemented to
address the problem, which can be viewed as a direct extension of the CRM-AM
heuristic (see Section 4.3.4), adapted to solve the extended problem.

5.1 Problem definition

Consider the directed graph G = (V,A), which represents the road network, including
all definitions of cost vector co,;; the number of road characteristics /; cyclist weight
vectors p’, 0 € {1,...,q}; the set of interventions K (including the subsets of arcs Ay,
cost reductions q)f;.k, and building costs lej associated with each intervention k € K);
and the budget B, all of which are presented in Chapter 4. Also consider the set of
OD pairs W with cyclist demands u,,, as defined in that chapter.

We introduce a new element into the road network: the users of motorized vehi-



120  Chapter 5. Bicycle and motorized vehicles integration in urban networks

cles. They are the main users of the network, which is generally designed to better ac-
commodate this type of vehicle. Considering this, the proposed interventions applied
to the bicycle network may negatively affect these users. Therefore, the selection of
interventions to be implemented must also take these potential negative effects into
account.

Given the above, let it,, denote the demand of motorized vehicle users associated
with the OD pair w = (0, d,,) € W. We assume that the travel time 7; ; for motorized

vehicles to traverse arc (i,j) € A is given by the Bureau of Public Roads (BPR)

function [109], defined as
a(i(8))
ij

where tioj, fij» and Q;; represent the uncongested travel time, vehicle volume (or flow),
and vehicle capacity on arc (i, j) € A, respectively. In addition, y and € are also param-
eters of the BPR function. According to Gore et al. [41], BPR functions are widely
used in transportation problems due to their simplicity and good performance, and
they have also been applied to bicycle network design problems [7].

An intervention k € K, when applied to the bicycle network, can affect the travel
time of motorized vehicle users. For instance, dedicating one of the road lanes ex-
clusively to cyclists reduces the vehicles capacity of that road and, consequently, can
increase the time required to traverse it, depending on the traffic conditions. Hence,
let ¥, &, and 9,-’; denote the effects of intervention k on arc (i, j) € A with respect
to the parameters ¥, €, and Q;;, respectively. Furthermore, let y, &), and Q?/- be the
values of these parameters for the scenario in which no intervention is applied (also
referred to as the initial values).

Therefore, given the budget B, the objective of the problem is to select the best
combination of interventions that minimizes the overall costs perceived by cyclists, as
in the cost reduction problem (see Chapter 4), but considering that the total travel time
of motorized vehicle users cannot exceed a certain limit. Specifically, let A C A be
a subset of arcs that compose the shortest path for motorized vehicle users traveling

from o,, to d,, in the scenario where no intervention is applied, and let 7;" denote the
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total travel time to traverse this shortest path, given by:

fi )"
we Y tio,.(mo( g) )
(i) Ay Qi

Hence, the problem aims to select the best combination of interventions, given the

available budget B, as well as to compute the cyclist and motorized vehicle user
flows, such that the demands of all OD pairs for both modes of transport. Moreover,
the solution of the problem must ensure that the total travel time for motorized ve-
hicle users traveling from o,, to d,, does not exceed ,, 7", where u,, > 1 is a scale
factor associated with OD pair w € W, representing the tolerance for travel time in-
creases. These scale factors are not fixed, and instead their maximum value, Uqy, 1S
minimized as part of the objective of the problem. Table 5.1 summarizes all the pa-
rameters of the problem addressed in this chapter, highlighting those that were added

in this problem extension.

5.2 Mathematical formulation

As defined in Chapter 4, let x};‘g denote the flow on arc (i, j) € A of cyclists of profile ¢
traveling from o,, to d,,, withw € W; y;, k € K, the binary variables indicating whether
intervention k is applied; and cflj the continuous variables representing the cost of arc
(i, j) with respect to road characteristic 7 € {1,...,r} after the implementation of the
interventions.

Specifically for the problem addressed in this chapter, let %;; and 7;; denote con-
tinuous variables representing the flow and travel time, respectively, of motorized
vehicle users on arc (i, j) € A. In addition, let Q; ; denote continuous variables repre-
senting the vehicle capacity of arc (i, j), and let ¥ and € be also continuous variables
associated with the parameters y and € of the BPR function, respectively. Lastly let
U, be continuous variables indicating the tolerance for travel time increases asso-
ciated with OD pair w € W, with U,,,, representing their maximum value, which is
minimized in the objective function.

To complete the set of variables for the problem, we define )Ad; as binary variables
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Table 5.1: Summary of data and parameters for the problem of integrating bicycles

and motorized vehicles.

Road network

1% Set of vertices;
A Set of arcs;
w Set of OD pairs;
ow(dy) Origin (destination) vertex associated with OD pair w € W;
Uy Demand of cyclists associated with OD pair w € W;
iy Demand of motorized vehicle users associated with OD pairw € W;
Interventions
K Set of possible interventions;
Ap Subset of arcs affected by intervention k € K;
7:,/‘/ Cost of applying intervention k € K on arc (i, j) € Ay (building cost);
r Number of road characteristics;
h Cost perceived by the cyclist related to road characteristic
0y he{l,...,r}onarc (i, ) € A;
n Cost reduction on arc (i, j) € A associated with road characteristic
¢iﬂ" hed{l,..., r}, due to intervention k € K
B Budget available;
Cyclist profiles
q Number of cyclist profiles;
Pf; Weight afsigned by a cyclist of profile £ € {1,...,g} to the road
characteristic h € {1,...,r};
oy Fraction of the total cyclist population that belongs to profile £ € {1,...,q};
Travel time function for motorized vehicle users
Q?j Initial capacity of arc (i, j) € A in terms of the number of vehicles;
Y. € Initial values of the parameters ¥ and €, respectively;
I Initial value of the travel time function for the motorized vehicle users
0 (considering Yy and &y);
Gl-kj Reduction in the capacity of arc (i, j) € A due to intervention k € K;
- Contribution to the parameters ¥ and € of the travel time function for

motorized vehicle users, respectively, associated with intervention k € K.
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indicating whether arc (i, j) is part of the shortest path associated with OD pair w.

Table 5.2 summarizes all the variables of the problem, highlighting those that were

included in this extension.

Table 5.2: Summary of variables for the problem of integrating bicycles and motor-

ized vehicles.

Continuous variables

ol
Xi

Hw

l’L max

Cyclists” flow on arc (i, j) € A, associated with OD pair

w € W and cyclist profile ¢ € {1,.. ., q};

Motorized vehicle flow on arc (i, j) € A;

Capacity of arc (i, j) € A in terms of the number of vehicles;
Travel time on arc (i, j) € A for motorized vehicles;
Parameters of the travel time function for motorized vehicles
that vary according to the applied interventions;

Scale factor associated with OD pair w € W representing the
allowed increase in users’ motorized travel time relative to 7,)";
The maximum value among the variables ,,,w € W, which

is minimized.

Binary variables

Yk

oW
Xij

Indicates whether intervention k € K is applied;

Indicates whether arc (i, j) € A is part of the shortest path
associated with OD pairw € W.

We can express the problem as a bilevel problem, where the upper level focuses

on optimizing network interventions for cyclists while considering the travel time

increases for motorized vehicle users, and the lower level analyzes the impact of these

interventions on motorized vehicle flows. The proposed mathematical formulation of

this bilevel problem is presented as follows.
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min Z Z Z Z cf’jpf,x,v-;z+ Winy limax

b Wl
Yk 7x;1/' »Mw s Hmax

S.t.

Yol X ey
JEV: JEV:
(i.j)eA (Ji)eA

Y Y uw<B

keK (i,j)eAx

h h h
iy = €0, — Y, Pijpde

keK
Y rl <w Ty
(i,j)€A
v €4{0,1}
cg >0
x,v-;é >0

1 <ty < Hinax
.umax 2 1
(Fij, 2i7) € S({Vk}rek)

{=1h=1

ievile{l,....q},wew

(i,j)eAhed{l,...r}
weWw

ke K

(i,j)eAhe{l,...,r}
(i,j)eAle{l,....q},weW
weWw

S(Uhier) —argmin ¥ [ Y (9,2,0,,,8) dE

ki (i, j) €A

(5.1a)

(5.1b)

(5.1¢)

(5.1d)

(5.1¢)

(5.11)
(5.1g)
(5.1h)

(5.1i)
(5.1))
(5.1k)

(5.1
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S.t
€
~ AoA A A 0 Xij ..
iy =1(7,€,0i,%;) = t;; 1+7< ) (i,j)€A (5.1m)
ij
Y=n+ ) % (5.1n)
kekK
E=g+ ) & (5.10)
kek
=0;- )6} (i,))eA (5.1p)
kek
Y - X A =1 wew (5.1
JEV: JeV:
(0w./)EA (J.0w)eA
Z Zri}wj_ Z dew weW  (5.1r)
JEV:
(d"ﬂj) €A (] du )EA
Y - Y 25i=0 iev\{ond,,weW (51s)
JEV: JEV:
(i.j) €A (J.i)eA
Xij= ) dwil (i,j)eA  (5.10)
wew
25 €{0,1} weW,(i,j)eA (5.1u)
%ij,0ijri1j > 0 (i,))€EA (5.1v)
¥,€>0 (5.1w)

For the upper level, objective function (5.1a) minimizes the overall costs per-
ceived by cyclists and the maximum travel time increase for motorized vehicle users,
where Y, and y,,,, are the weights associated with these two objectives, respectively.
Constraints (5.1b)—(5.1d) are the same as those in the mathematical formulation of
the cost reduction problem (see Section 4.2). Constraints (5.1e) impose that the total
travel time along the shortest path for OD pair w € W cannot exceed f,,7;". Con-
straints (5.1f)—(5.1h) define the domain of the decision variables also present in the
cost-reduction formulation. Constraints (5.11) require that u,,, for each OD pair w, be
greater than 1 and smaller than pt,,,,; Wwhile constraint (5.1j) imposes that t,,, > 1.

Finally, Constraint (5.1k) enforces that the shortest paths taken by motorized vehicle



126 Chapter 5. Bicycle and motorized vehicles integration in urban networks

users and their corresponding travel times are optimal with respect to the lower level
problem, parameterized by the interventions decision vector {yk }xck-

For the lower level, objective function (5.11) minimizes the total travel time of
motorized vehicle users. Constraints (5.1m) compute the travel time on each arc
(i,J) € A using the BPR function, while constraints (5.1n)—(5.1p) define the parame-
ters of the travel time function, ¥, &, and J; j» respectively, according to the decisions
made in the upper level problem regarding the selected interventions. Constraints
(5.1q)—(5.1s) determine the shortest path associated with each OD pair w € W, and
constraints (5.1t) impose that the flows on the arcs composing these shortest paths
must be equal to the demand u,, of the corresponding OD pair w. Finally, constraints

(5.1u)—(5.1w) define the domain of the decision variables in the lower level problem.

5.3 Solution approach

The method being implemented to address the problem of integrating cyclists and
motorized vehicle users in road networks is an extension of the CRM-AM method,
which was originally proposed for the cost reduction problem (see Chapter 4). This
extension, named bicycles and motorized vehicles cost reduction model — alternating
method (BMVCRM-AM), starts by solving formulation (4.7a)—(4.7¢), which is de-
rived from (5.1a)—(5.1w) for a fixed set of interventions and a fixed solution of the
lower level problem, the latter implying fixed values of u,,, for all w € W, and of
Umax- Specifically, in the first iteration of the method, the scenario with no interven-
tions (yx = 0, k € K) is considered. This implies that motorized vehicle users follow
paths whose arcs belong to the subsets A}, w € W and, consequently, all u,, variables
and W,y are equal to 1.

Fixing the cyclist flows obtained after solving formulation (4.7a)—(4.7¢), and an-
alyzing the intervention decisions with respect to cyclists only, formulation (4.9a)—
(4.9¢) is derived from (5.1a)-(5.1w) and solved using SDPKP, as in CRM-AM. The
resulting set of interventions, obtained from solving formulation (4.9a)—-(4.9¢), leads
to a new solution to the lower level problem and, consequently, to new values for

the upper level variables u,, and U,,,,. Therefore, the lower level formulation (5.11)—
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(5.1w), when evaluated for the intervention decisions determined at the upper level,

becomes equivalent to the following formulation:

min Y / " HE)dE (5.22)
(i,j)ea”0
S.t.
n €
Bij=1(%)) =17 1+§’<f”> (i,j) €A (5.2b)
ij
Y wi- Y i, =1 weWw (5.2¢)
JEV: JEV:
(0w, J)EA (j,ow)€EA
Y R Y A=l wew  (5.2d)
JjeV: JeV:
(dW7j)eA (jsdw)eA
Y - )Y xhi=o0 icV\{oy,d,},weWw (5.2¢)
JEV: JEV:
(i,j)eA (j,i)eA
Rij=Y bk (i,j) €A (5.2)
weWw
% €1{0,1} weWw,(i,j)cA (5.2¢)
% >0 (i,]) €A, (5.2h)

which can be solved by applying Wardrop’s equilibrium principle [117]. Once the
new paths for motorized vehicle users, represented by the arc variables )A(l”j and their
corresponding travel times 7;; have been obtained, the variables u,, for all w € W, and

Umayx can be determined by solving the following linear programming formulation:

min Mmax (5321)
s.t.
Y iR <w T wew (5.3b)
(i,j)eA
1 <ty < Hinax weWw (5.3¢)

Mmax = 1. (5.3d)
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After solving formulations (4.9a)—(4.9¢), (5.2a)—(5.2h), and (5.3a)—(5.3d), the up-
dated solution values for the variables yy, W,,, and ., are obtained. Consequently,
the method is repeated iteratively until the solutions from the two phases (fixed in-
tervention set and cyclist flows, respectively) converge to the same cost, the latter
being expressed by the upper level objective function (5.1a). Figure 5.1 summarizes
the steps of the proposed method, where .% and .%, represents the solution costs of

Solve (4.9a)— Solve (4.7a)—
(4.9¢) (4.7¢)

phases 1 and 2, respectively.

Compute (5.1a)

Solve (5.2a)—
(5.2h)

Solve (5.3a)—
(5.3d)

Compute (5.1a) F

Figure 5.1: Problem of integrating bicycles and motorized vehicles in road networks

solved using an alternating approach.



Chapter 6

Concluding remarks

This work presents optimization strategies for evaluating and designing bicycle net-
works in urban environments. Regarding network evaluation, we address the problem
of identifying the criteria used by cyclists to choose their routes. We assume that cy-
clists travel along shortest paths (SP), where the costs of these paths are expressed
as convex combinations of a few basic costs, which take into account different road
features, including distance, safety, and practicability. For network design, we tackle
the problem of selecting, given cyclists’ preferences for a set of road features, the
best combination of interventions to apply to the bicycle network in order to mini-
mize the perceived costs for users and, consequently, improve its overall quality. The

optimization is subject to budget and demand fulfillment constraints.

For the first problem, we propose two optimization models and corresponding
solution algorithms, each based on a different type of data: aggregate user flows on
some network arcs, and a set of paths followed by a sample of users. In the flow-based
formulation, we first consider a simplified version of the problem in which the set of
weights (i.e., the coefficients of the convex combinations defining the costs optimized
by the users) is known in advance. This problem is solved through a polynomial-
time algorithm based on the solution of multiple SP problems and a single convex
quadratic programming problem. Next, an algorithm to identify an unknown set of

weights is proposed. An advantage of this method is that it requires observations from
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only a subset of the network arcs, and such data can be collected, for example, via
strategically placed cameras in the city. In the trajectory-based formulation, we define
a k-median problem aimed at selecting, from all possible behaviors, up to k behaviors
that are most representative of a given sample of user trajectories. A greedy algorithm
is proposed to solve this problem. For both models we consider a deterministic for-
mulation, in which the basic costs are fixed values, and a stochastic formulation, in
which the basic costs are random variables following a normal distribution. The latter

is motivated by the fact that different users may perceive road features differently.

For the second problem, we propose a mixed-integer programming formulation
and four related solution approaches. Among these, two are exact methods, an enu-
meration mechanism and a branch-and-bound framework, and two are heuristic pro-
cedures based on solving knapsack problems with dynamic programming. These
methods aim to improve the quality of cycling networks, while taking into account
cyclists’ preferences regarding road characteristics such as length, safety, and practi-
cability. The developed approaches have proven to be useful tools for cycling infras-
tructure planning, as they allow planners to evaluate multiple types of interventions
while considering their impact on different road characteristics. Furthermore, they are
sufficiently general to be applied in different contexts, regardless of the set of inter-
ventions or road features considered. For example, the same model could be applied
in a scenario where the objective is to minimize the costs perceived by car drivers in
terms of travel distance, traffic intensity, and the number of unpaved roads traversed.
In this case, possible interventions may include paving city roads and modifying the

timing of traffic lights to reduce congestion.

Computational experiments for the two problems addressed in this research were
conducted using both synthetic data and real-world data from the bicycle network
of the city of Parma, Italy. Specifically, for the first problem, experiments for the
flow-based formulation were performed on synthetic data, while the trajectory-based
formulation was applied to the real-world case of the bicycle network in Parma. In
both formulations, the results showed no significant differences between the solutions
obtained from the deterministic and stochastic models, suggesting that the proposed

algorithms are robust to perturbations in the basic costs. Regarding the second prob-
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lem, the computational results showed that the proposed approaches are effective for
tackling large instances, such as networks with more than 44,000 nodes and 98,000
arcs. While the heuristics, especially CRM-AM, were able to provide high-quality
solutions in very efficient times, CRM-BB proved the optimality of most tested in-
stances, including real-world cases with sizes of up to approximately 7,900 nodes
and 17,700 arcs. These results were obtained within reasonable computational times,
which demonstrates its applicability in practical scenarios. The experiments with the
Parma instances also revealed how the choice of interventions is influenced by the
specific regions of the city, offering valuable insights for planning large networks.

Despite the very promising results obtained, the proposed strategies for both
problems present some limitations that could be addressed in future research. For
the first problem, the assumption that users always choose the minimum-cost path is
not necessarily realistic, as some users may simply take recreational tours and then
return to their starting point. In such cases, the proposed trajectory-based formula-
tion is unable to capture the decision-making criteria of these users. This suggests a
potential direction for future work, in which the minimum-cost assumption could be
relaxed or reconsidered. Furthermore, more diverse data could be incorporated into
the experiments, including other types of cyclists beyond bike-sharing users, as well
as a broader set of road features, since distance, safety, and practicability may not be
the only factors influencing route choice. Another promising direction for future re-
search on the first problem involves developing mechanisms to capture the individual
preferences of cyclists belonging to the same user profile.

For the second problem, the proposed model could be extended to include deci-
sions about which arcs compose the set Ay for at least some interventions k € K, since
the locations where each possible intervention is applied are not necessarily known in
advance. Another possible extension involves the integration of budget minimization
into the objective function. Furthermore, uncertainties in the demand for each OD
pair could also be addressed in the formulation. Finally, the main (ongoing) research
direction of this work is to analyze how the selected interventions for the cycling
network of Parma affect motorized vehicle users.
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Appendix A

Choosing basic costs

The need to explore and interact with the urban environment and society through
more sustainable mobility options is crucial for reducing car dependence and im-
proving the quality of life in cities. Many destinations can be reached by bicycle, a
sustainable travel mode and accessible to the entire community. The debate on de-
veloping bicycle-friendly urban environments has been, and continues to be, intense,
and the research on how to properly plan and design cycling paths is extensive. Con-
sequently, the choice of basic costs is part of a broader research in which inspection-
based cycling indicators were identified and developed [102], assessing aspects such
as accessibility, safety and security, inclusive design, and enjoyment. For the purpose
of this research, some of these Key Performance Indicators (KPIs) were selected,
specifically road safety and practicability KPIs. Road safety assesses conflicts with
motor vehicles and exposure to potential risks, evaluating the level of safety for cy-
clists in the urban environment and ensuring a safe experience for users. The prac-
ticability indicator seeks to guarantee that infrastructures and spaces are accessible

and suitable for all users, including those who are most vulnerable.

Each indicator is influenced by groups of factors. Regarding the improvement of
road safety, central elements include reducing speed limits and safeguarding dedi-
cated infrastructure from vehicular traffic. Another important aspect in ensuring road

safety is the presence of dedicated vertical signage and horizontal markings [1, 112].



148 Appendix A. Choosing basic costs

For the practicability, the characteristics of the infrastructure are crucial. Good de-
sign of cycle paths depends on their geometry and construction quality, including
the width of the paths, the paving materials used, and the level of maintenance. In
addition, other factors should be considered, like the presence of permanent and tem-
porary external elements that reduce the effective width of the cycle lane, creating

bottlenecks [39, 90] (see also below for a list of such elements).

The methodology for calculating the considered KPIs involves acquiring and
managing georeferenced cycling infrastructure datasets within a geographic informa-
tion system environment. A value for evaluation is assigned to each analyzed factor.
The overall assessment value for each infrastructure is derived from the normalized
average of the factors comprising each indicator. This average is calculated by sum-
ming the values of the factors and dividing by the total number of factors. The calcu-
lation concludes with normalization to the minimum and maximum possible values
for each KPI. This normalization process standardizes the data, allowing for fair com-
parisons between different indicators and enabling a more accurate assessment of the
overall performance. Table A.1 lists the selected factors and the value associated with
each one, regarding the road safety and practicability KPIs (the higher the value, the
better).

In Table A.1, for road safety, protection from vehicular traffic is classified as
high or no interaction when continuous physical protection elements are present,
such as trees, shrubs, barriers, kerbs, or bollards of varying heights with separating
kerbs. This protection is rated medium when discontinuous physical elements at the
same height, are present. A low level indicates only pavement with a separating gap,
while an absent level signifies no physical separation between the cycle path and the
carriageway. Additionally, signage and markings refer to presence of vertical signs
and horizontal markings indicating the bicycle path. Lastly, the term bike box refers
to a designated stop-and-wait area for bicycles at intersections controlled by traffic
lights.

For practicability, dimension refers to the width of the cycle path, while bottle-
necks indicate the presence of a restriction, which can be absent, caused by perma-

nent elements (such as public lighting, road signs, advertising signs, traffic lights, bus
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Table A.1: Considered KPIs — Selected attributes and assigned values.

Indicator Factors Evaluation Values

Protection from vehicular traffic ~ High or no interaction, Medium, Low, Absent  1,0-1, -2

Speed limit 30 km/h, 50 km/h, > 70 km/h 2,1,-1

Road safety Signage Yes, No 0,-1
Markings Yes, No 0, -1
Bike-box Yes, No 1,0

> 2.50 m + Absent or Temporary 1

> 2.50 m + Permanent 0

. . > 1.50 m and < 2.50 + Absent or Temporary 0

Dimension and Bottlenecks

> 1.50 m and < 2.50 + Permanent -1

< 1.50 m + Absent or Temporary -1

< 1.50 m + Permanent -2

Practicability - -
Pavement maintenance Excellent, Good, Sufficient, Poor 2,1,0,-1
Marble, Cobblestones, Cubes -1
. Stone slabs, Concrete slabs, Concrete, Asphalt,
Pavement material L
Blocks, Self-binding, Gravel 0

Grass pavers, Aggregates, Other

Protrusions Yes, No -1,0

stops, trees, etc.), or by temporary elements (such as street furniture, recycling bins,
and speed cameras). Moreover, pavement material and pavement maintenance fac-
tors refers to the material type and quality of maintenance, respectively, describing
the condition and material of the pavement. Lastly, the protrusion factor identifies
the presence of elements protruding from the pavement along the cycle path, with a

height exceeding 2.5 cm.

We applied these KPIs to the bicycle infrastructure system of the city of Parma,
Italy, to estimate the cost associated with each road segment based on these indica-
tors. For cycle roads, all factors described in Table A.1 were considered. However,
their corresponding values were mapped through an affine transformation in order
to fit within an interval between O and 1, as described in what follows: for each
road criterion (safety and practicability), we calculate the maximum and minimum
possible KPI values associated with it: for 2 € {1,...,r}, let C"  := maxle’j, and
ch »

min ‘= minCj;, respectively. For example, for road safety, the maximum possible

KPI value is 4, obtained by summing the maximum values of each contributing fac-



150 Appendix A. Choosing basic costs

tor, whilst the minimum one is -5 (see Table A.1). After determining these values,
the KPI of an arc (i, j) for a given criterion / is calculated by summing the values of
the factors associated with that arc and influencing the analyzed criterion, obtaining
its cumulative value Clhj Finally, we compute costs cf-‘j for any criterion h € {1,...,r}

and arc of the network as follows:

h
chi=1- i
iy Ch

h
max Cmin
ct . .
Note that value 5—5— is between [0,1] and cf’j corresponds to its complement

max min

within the same interval. This is due to the fact that a low KPI for a certain criterion,
in our approach, is perceived as a cost which we wish to minimize. For instance, an
extremely unsafe road segment will be associated with a basic cost close to 1, which
is considered a high cost to be minimized.

Additionally, due to lack of information regarding the non-cycle roads, we con-
sidered, for these cases, the speed limit and protection from vehicular traffic as factors
for the road safety indicator, and the pavement materials (cobblestones for the histor-
ical center, gravels for parks, and asphalt for the others) as a factor for the practicabil-
ity. Note that including non-cycle roads is necessary, both because the bike-network
of Parma is not a connected graph, and because some users favor non-cycle roads
when they allow shortening the path. It is important to mention that the values for the
safety and practicability indicators of a specific road were multiplied by its length as
part of the normalization process.

Figure A.1 illustrates the results obtained from applying these KPIs to the cycle
paths of Parma, without the multiplication by the roads length. These results are rep-
resented visually using graphical elaborations with an interval scale and a graduated
color scale, ranging from red (highlighting critical segments) to green (indicating
segments with positive characteristics). Note that in the figure, only the segments of
the cycle roads are colored, even though KPI values were assigned to all streets. This
choice was made to better highlight the values associated with the cycling infrastruc-
ture. Including the KPI values of all streets would have made the visualization too

uniform and would have visually overwhelmed the cycle paths, making the interpre-
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tation less clear.
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Figure A.1: Results of the calculation of the indicators for the case studies of Parma.

The analysis of the Road Safety KPI reveals an overall good safety level for cycle
paths, with some exceptions in isolated cases where interaction with vehicular traffic
or the combination of protection level and speed limit has a high negative impact. The
presence of buffer elements, such as hedges, trees, or continuous artificial barriers
between the cycle infrastructure and the roadway, would further enhance user safety.
For example, paths isolated by greenery or located in reduced-speed zones report a
high safety rating. Regarding the Practicability KPI, the outcome is largely influenced
by the characteristics of the infrastructure, including pavement width, the presence of

bottlenecks, the type of materials used, and pavement quality.






Appendix B

Proofs

Section 3.1.2

Proposition 2. Let P' O P. Then, g(P') < g(P).

Proof. Let us denote by Mj p the restriction of matrix M with rows in A and columns
in P. Moreover, let Ajp| = {a € ]R'f‘ | Z‘P|1 o= 1}. Then,

=

¢(P)= min |M; pap— %
OCPEA‘P‘

g(P)= min ||M; pop —||*.
Olpt €Apr| ’
Since P C P', then we have op = [atp, apn\p| and Mj pr = [Mj p|Mj pr\pr]. Let ap
be a feasible solution of the optimization problem (3.10) with set of weights P. If
we set 0p\p = 0, then ap = [ap, écp/\p] is a feasible solution of the optimization
problem (3.10) with set of weights P’, with the same objective function value as @p.
Therefore, to each feasible solution of the first problem with set P, we can associate
a feasible solution of the second problem with set P/, and the two solutions have
the same objective function value. Then the inequality g(P’) < g(P) immediately
follows. O

Corollary 3.1.1. Let P be a set of weights and o be an optimal solution of the
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optimization problem (3.10). If P C P is such that, for all p* € P\ P, oy = 0, then
g(P) =g(P).

Proof. The optimal solution & can be written as [0, Ocp\p], where, by assumption,
ap\p = 0. Then, ap is a feasible solution of (3.10) with set of weights P and its
objective function value is equal to g(P) > g(P). Since by Proposition 2, it must hold
that g(P) < g(P), it follows that g(P) = g(P), and o is also an optimal solution
of (3.10) with set of weights P. O]

Lemma 3.1.3. For each w € W and p* € A,, let S* denote the set of SPs when the
cost of each arc (i, j) is ¢/ jp Under Assumption 3.1.2, the set

Ar(w,0) = {pf cA, | IS > 1} ,
has null measure in A,.

Proof. Letp' e A,(w,0). Then there exist m;,m) € S 1t follows that these two paths

have the same cost
-

Zpilh(ﬂl Z hlh ™),

h=1 h=1

andso Y7, _; ph (A (m1) — 4 (m2)) = 0. We want to prove that dim(A,(w, £)) < dim(A,) =
r — 1. Note that the space A,(w, /) is the set of weights that satisfy the system of two

1
Rp'=| |,

1 1
a [xl(nl)—zl(@) Ar(nl)—z,(nz)]'

We show that p(R) = 2, where p(R) denotes the rank of matrix R. If this is the case,

linear equations

where

then dim(A,(w,£)) = r — p(R) = r — 2. By contradiction, if p(R) = 1, there are two

possibilities:

* the second row is a multiple of the first: in this case the system has no solution;
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* the second row consists only of zeros, that is, A,(7) = A,(n') for all h €
{1,...,r}: this is not allowed by Assumption 3.1.2.

Since dim(A,(w,¢)) < dim(A,), the subspace of weights such that there exist at least
two paths with same cost has null measure in A,.
O

Proposition 3. For all 2 = (p',...,p?) € Al except those over a set of null measure
over AL it holds that there exists 8 > 0 such that

(V2 €15(2) 3(2) =3(2),

where

I5(2)={2=@®"....p") €Al | [p Pl <8, (€0},
is a neighborhood of 2.

Proof. LetA, =A,\ [UWEW UZ: L A (w, €)] . For each O-D pairw € W and each £ € Q,
let p’ & A (w,0), that is, 2 = (p',...,p?) € Al. Note that, in view of Lemma 3.1.3,
Upwew Uf{zl A;(w,?) is a set of null measure in A?. For each w € W, there exists a
wl gwl
b

unique SP "¢ € §* for all £ € Q. This means that there exist a; i +bij with:

(V(i,j) €A) (VL€ Q) af < efp’ <,

a;j-‘[, blv-;‘g], then the SP 7 remains

the same as the one with costs of the arcs equal to ciTj p’. Now, let

00 Ll
[aijabij] = ﬂ [af-j- 719;3- J-

wew

such that if all arcs (i, j) € A have costs lying in |

Note that af, < c;pf < bfj for all (i,j) € A and ¢ € Q, must also hold. Then, if for
some 2 = (p',...,p?) it holds that:

(V(i,j) € A) (VL€ Q) af; < ¢ip" < b, (B.1)

then g(2) = 3(2). Now, let [35- = min{c;pf - afj,bfj - ciij)z} > 0 for each arc

(i,j)€A,and B’ = ming; jea {ﬁl’;} > 0. Moreover, after setting ¢ = max; jea{|lci;| } >
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0, for all £ € Q we define & = ﬁi > 0. It follows that if ||p‘ — p’|| < &, then for all
(i,)) € A:

el (0 =B < |[p" = p'llc < B,
from which the inequalities (B.1) hold. Therefore, the thesis is proved with 6 :=
mingep{&}.

Section 3.2

Proposition 5. Function f is a supermodular function, i.e., it satisfies the following

condition:

F(P) = f(PLULD'}) = f(P) = f(PU{P'D). (B.2)
forany Py C P, C PandpZ € P\ P,.
Proof. For each m; € T define f;(P) = min,p e(i,¢). Note that f(P) =Y en fi(P).
By Proposition 4, if Py C P, then f(Py) < f(P1) and also fi(P») < fi(P) for each
7; € I1. To prove (B.2), it is enough to prove that for each m; € I1:

F(P) = H(PLUR'Y) > fi(P2) — fi(RU{p'}). (B.3)
Note that

fi(PU{p'}) = min e(i,¢) = min(min e(i, (), e(i, 7).
p'ehU{p'} p'EP
We distinguish two cases:
e if minppelize(i,ﬁ) < e(i,?), then fi(P,U{p'}) = fi(P). Therefore, fi(P) —
fi(P,U{p"}) = 0. Moreover, by Proposition 4, f;(P;) — f;(P, U{p‘}) > 0 from
which (B.3) follows.

e if minycp e(i, £) > e(i, ?), then f;(P,U{p’}) = e(i,?). Moreover, since mingep, e(i, ) >
miny:cp, (i, £), it follows that minycp, e(i,¢) > e(i,) and, consequently,

p
A(PU{P'Y) = min(;}ﬂn e(i,0), e(i, 1)) = e(i,1) = fi(PU{p'}).

epP

As aresult, since f;(Py) < fi(P;), condition (B.3) is satisfied.
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Proposition 6. Let us assume that c;; > 0 for all arcs (i, j) € A. Let P* be an optimal
solution of problem (3.17) and P C A, be an optimal solution of problem (3.19). Let
us denote with § the discretization step of A,. Then:

f(P)— f(P*) < |TT|M §V/rk, (B.4)
where M is defined in (3.23).

Proof. We calculate the partial derivative of d(, -) with respect to pfl

d c(m,p")—c*(wr,p) d c(mp)
dn,p’)=— = =7
(7, p) api c*(wz,p") 8pft c*(wz,p")

a0

ap;,
If r £ ¢ the partial derivative is null, otherwise, denoting with 7* the optimal path for
the (O-D) pair wy,

d / d Z(i.j)en C;pg
55 dmp)=5 s T
aph aph Z(i,j)efr* ¢;;P

_ (Z(i,j)en: CZ) (Z(zyj)en* C,ijg) - (Z(i,j)en C;PK) (Z(Lj)en* C?j)
(Z(i,j)en'* CiTjP€> ’

which, in view of ¢;; > 0 and pé > 0, can be overestimated by

)

(Z(nj)enff?j) (Zozf)en* CiTjPé> _ (ZW)G”CZ’) <M,

(Zipenelp!) 2 (Ziier i)

where the inequality follows from Lemma 3.2.3 and from the definition (3.23) of M.

Therefore, function d(7,-) is Lipschitz with constant (bounded from above by) M.
Since the minimum of Lipschitz functions is a Lipschitz function with constant given
by the maximum of the constants (see, e.g., the work by Cobzas et al. [24]), then
min d(7;,-) is also a Lipschitz function with constant (bounded from above by) M.

Furthermore, function f is Lipschitz with constant |IT| - M because it is a sum, over
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the set of all the paths in IT, of Lipschitz functions (see, again, the work by Cobzas
et al. [24]). It follows from Lemma 3.2.2 that there exists P C A,, |P| = k, such that,

if O, Q* are vectorizations of P and P*,

f(P)=f(P*) = F(Q) - £(Q") < |M - (|0 — 0*|| < |[I|M §V/rk.

Since P C A, is an optimal solution of Problem (3.19), then f(P*) < f(P) < f(P)

and we can conclude that
f(P)— f(P*) < [T1|M 8V/rk,

as we wanted to prove. O



Appendix C

Sensitivity analysis with respect to
the discretization step

In this section we evaluate the impact of the cardinality of the finite discretization
A; of Az. In particular we consider the sets Aé C A§ C A§ C Ag with Ag defined
as in (3.18) obtained with the discretization step 8! = 0.2, §> = 0.1, §°> = 0.05
and 8% = 0.025, respectively. We solved the problem of Section 3.4.2 through Al-
gorithm 4 (with ascent greedy) using the four different discretization steps defined
above. In Figure C.1 we show the final values of the objective function by varying the
cardinality of the approximation set Az. Note that by increasing |A;| (i.e., decreasing
the discretization step &), the optimal value of the approximated problem decrease.
However, the decrease is not particularly significant, and the value becomes almost
constant for 62,83, 8%, i.e., as the cardinality of Az increases.

Moreover, as we show below in Tables C.1-C.4, the solutions obtained in the
four cases are not very different from one another. There are some differences for the
solutions with §' = 0.2 and 8% = 0.1, but then the solutions become quite stable for
83 =0.05 and §* = 0.025.

In order to quantitatively evaluate the differences between them we used the Earth
Mover’s Distance (EMD), which takes into account not only the weights but also

the percentages associated with them. Indeed, the EMD measures how different two
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Figure C.1: Optimal values of the approximated problem by increasing the cardinality

of A3.

Table C.1: Solution () obtained by solving Problem (3.19) with discretization step

5'=0.2.

Choice Percentage Weights

Criteria of users distance | safety | practicability
p! 22.32% 0 0 1
p> 16.43% 0 1 0
p’ 14.07% 1 0 0
p* 7.16% 0.2 0.6 0.2
p’ 7.03% 0.6 0 0.4
p° 7.35% 0.2 0.8 0
p’ 8.82% 0 0.4 0.6
p® 5.88% 0.4 0 0.6
p’ 10.93% 0.4 0.6 0
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Table C.2: Solution (S;) obtained by solving Problem (3.19) with discretization step

82=0.1

Choice Percentage Weights

Criteria of users distance | safety | practicability
p! 20.24% 0 0 1
p’ 16.02% 0 1 0
p’ 11.21% 1 0 0
p? 11.40% 0 0.7 0.3
p> 8.46% 0.7 0 0.3
p® 12.11% 0.3 0.7 0
p’ 7.88% 0.1 0.1 0.8
pd 7.37% 0 0.4 0.6
p’ 5.32% 0.8 0.2 0

Table C.3: Solution (S3) obtained by solving Problem (3.19) with discretization step

5% =0.05

Choice Percentage Weights

Criteria of users distance | safety | practicability
p' 20.80% 0 0 1
p> 14.83% 0 1 0
p’ 12.84% 1 0 0
p* 10.46% 0 0.7 0.3
p’ 7.96% 0.7 0 0.3
p® 11.49% 0.25 0.75 0
p’ 7.77% 0.15 0.1 0.75
pd 7.57% 0 0.4 0.6
p’ 6.29% 0.55 0.45 0
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Table C.4: Solution (S4) obtained by solving Problem (3.19) with discretization step

5% =0.025

Choice Percentage Weights

Criteria of users distance | safety | practicability
p! 20.30% 0 0 1
p’ 14.90% 0 1 0
p’ 12.85% 1 0 0
p* 10.34% 0 0.7 0.3
p’ 7.90% 0.7 0 0.3
p° 11.37% 0.25 0.75 0
p’ 7.90% 0.175 | 0.075 0.75
pd 7.84% 0 0.4 0.6
p’ 6.62% 0.525 | 0.475 0

solutions are by calculating the minimum “cost” of transforming one into the other,
where the cost is the product between the fraction of users that needs to be moved
and the distance by which they are moved.

As can be seen in Table C.5, the largest distance is between the first and the
last solution, and even then it remains below 0.1. The last two solutions are almost
identical. These values allow us to conclude that, when varying the discretization step
from coarse to fine, the solutions exhibit good stability, as they do not change in any

significant way.
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Table C.5: Lower-triangular display of Earth Mover’s Distances between solutions
S1, 52, 83, and S4. Upper-triangle and diagonal cells are masked in black.







Appendix D

Choosing the best branching
strategy for CRM-BB

This appendix compares all branching strategies for CRM-BB. Table D.1 reports
the average number of nodes, computed lower bounds, and computational time for
each strategy, tested with all node selection criteria and using the randomly generated
instances with grid sizes of up to 16. The table also provides scores for each strategy,

which are used to identify the best one.

The scores are calculated as follows. Let Y = {BCB, CRB, CRTB, IBB, U} de-
note the set of all branching strategies. For each strategy v € T, let 1,40 (V), Hyps (V)5
and [, (V) represent the average of the averages for the number of nodes, computed
lower bounds, and computational times, respectively. These values are reported in the

Averages row of Table D.1.

The score function we use takes into account [, (V) and [, (V). Note that
000 (V) is not considered in the score computation, since the number of computed
lower bounds is approximately half of the number of nodes for binary branchings
(BCB, CRB, CRTB, and IBB) and equal to the number of nodes for non-binary
branching (U). Hence, the number of nodes is already implicitly accounted for through

the number of computed lower bounds. Because these quantities are on different
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Table D.1: Comparison of the branching strategies.

Instances CRM-BB-BCB CRM-BB-CRB CRM-BB-CRTB
Grid size Node selection Nodes LBs Time (s) Nodes LBs Time (s) Nodes LBs Time (s)
BFS 106782.481 53391.741 2.730 106937.370  53469.185 2.720 107561.593  53781.296 2.736
4 DFS 103747.667 51874.333 2.548 104549.000 52275.000 2.558 106073.593  53037.296 2.612
BBS 102895.222  51448.111 2.832 102945.222  51473.111 2.861 104160.333  52080.667 2.895
BFS 195035.148 97518.074  115.675 194016.333  97008.667  116.054 194620.407 97310.704  116.024
8 DFS 193132.778  96566.889  112.853 192356.852  96178.926  112.492 193049.667 96525333 112.612
BBS 191841.296  95921.148  113.093 190858.481 95429.741  113.944 191445296  95723.148  114.217
BFS 183232.111 91616.556  1645.864 183335.741  91668.370  1647.404 183558.333  91779.667 1646.892
16 DFS 182942.333  91471.667  1627.567 183101.148 91551.074 1638.179 182980.556  91490.778  1629.655
BBS 181165.000 90583.000 1592.114 181113.148 90557.074 1618.065 181194.704 90597.852 1615.358
Averages 160086.004 80043.502  579.475 159912.588 79956.794  583.809 160516.054 80258.527  582.556
Scores 0.1862 0.1867 0.1869
Instances CRM-BB-IIB CRM-BB-U —/- —I1- —/- /-
Grid size  Node selection Nodes LBs Time (s) Nodes/LBs  Time (s) /- /- - -
BFS 105091.963  52546.481 3.249 68136.963 3.575 —/- —I- /- /-
4 DFS 104226.407  52113.704 3.080 66943.074 3.430 —/- —I- —/- /-
BBS 100963.444  50482.222 3.336 65754.778 3.610 /- —/- /- /-
BFS 193879.000  96940.000  139.923 130691.370  152.273 —/- —/1- —/- /-
8 DFS 193076.704  96538.852  137.081 130092259 153.196 —/- —/- /- /-
BBS 190455.593 95228296  138.027 128910.296  150.563 —/1- —/1- —/I- —/I-
BFS 183327.593  91664.296 1992.497 112634.741  2009.367 —/- —/- —/- /-
16 DFS 183147.963 91574.481 1974.033 111669.074  1988.312 /- —/- /- /-
BBS 181002.037  90501.519  1955.713 110767.370  1974.200 —/1- —/1- —/I- —//-
Averages 159463.412  79732.206  705.215 102844.436  715.392 —/- —I- /- /-
Scores 0.2056 0.2346 —/1- —/l- —/I- —/I-

scales, we normalize them such that

Z Ty (V) = Z Hiime (V).

veY veY

After normalization, the score for each v € Y is calculated as
score(V) = 0.5y, (V) + 0.5 ;. (V).

The resulting scores are reported in the Scores row of Table D.1. Since BCB has the

lowest score, it is selected as the preferred branching strategy.
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Warm start for CRM-BB

This appendix discusses the influence of the initial upper bounds provided by the
heuristics on the performance of the proposed branch-and-bound algorithm (CRM-
BB). Experiments with and without these bounds were conducted using all randomly
generated instances and considering all node selection strategies (BFS, DFS, and
BBS). As previously shown, BCB outperformed the other branching strategies and
was therefore the only one adopted in these tests. In addition, the time limit of 16
hours (57600 seconds) was also considered. The results of these experiments are
presented in Table E.1, which reports the average number of nodes and the average
computational time for each instance group.

From Table E.1, we observe that the differences in the number of nodes and com-
putational time, with or without the use of initial upper bounds, are not significant.
This suggests that CRM-BB is not particularly sensitive to warm starts provided by
the heuristics, indicating that the method is capable of performing well even when no
promising initial upper bound is available. In particular, for BBS, all instances solved
to optimality with a warm start (those with grid sizes up to 16, as well as those with
grid sizes of 32 or 40 and up to 15 interventions) were also solved with the same

number of nodes when the initial upper bounds were not provided.
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Table E.1: Comparison of the node selection strategies with and without (*) warm start, considering BCB as branching

mﬂﬁm—ﬁﬂmv\.
Instances CRM-BB (BFS) CRM-BB (BFS)" CRM-BB (DFS) CRM-BB (DFS)" CRM-BB (BBS) CRM-BB (BBS)"
VI/IAl/IW]/IK| ¢ Nodes Time (s) Nodes Time (s) Nodes Time (s) Nodes Time (s) Nodes Time (s) Nodes Time (s)
3 477.000 0.014 518333 0.016 474.333 0.014 539.000 0.015 468.333 0.014 468.333 0.013
16/48/10/10 4 477.667 0.014 543.667 0.015 474.333 0.013 537.667 0.015 471.667 0.014 471.667 0.013
5 277.667 0.008 340.333 0.010 265.000 0.007 397.000 0.011 251.000 0.008 251.000 0.007
3 26130.333 0.700 31093.000 0.823 26197.667 0.677 28306.333 0.716 25861.000 0.736 25861.000 0.735
16/48/10/15 4 8751.667 0.218 10652.333 0.259 8753.000 0.209 9472.333 0.227 8751.000 0.223 8751.000 0.224
5 17867.000 0.464 19832.333 0.506 18209.667 0.460 22884.333 0.574 17217.000 0.462 17217.000 0.459
3 432913.667 9.926 486790.333 11.005 416671.000 9.236 423613.667 9.286 411047.667 10.256 411047.667 10.278
16/48/10/20 4 36392.333 0.952 45663.667 1.170 34210.333 0.861 44615.000 1.114 34106.333 0.946 34106.333 0.948
5 437755.000 12.276 462354.333 12.725 428473.667 11.452 431802.333 11.302 427883.000 12.826 427883.000 12.818
3 587.667 0.378 629.667 0.396 589.667 0.378 639.000 0.401 582.333 0.369 582.333 0.370
64/224/39/10 4 585.667 0.307 613.000 0.314 572.333 0.298 671.000 0.345 564.333 0.291 564.333 0.290
5 707.000 0.404 743.000 0419 707.000 0.406 789.667 0.446 707.000 0.400 707.000 0.400
3 23759.000 12.640 25396.333 13.367 23795.667 12.453 24904.333 12.866 23660.333 12.299 23660.333 12.267
64/224/39/15 4 18774.333 10.856 19261.000 10.998 18581.667 10.639 18829.000 10.560 18179.000 10.261 18179.000 10.278
5 27325.667 15.255 27905.667 15.360 26977.000 14.811 27444.333 14.818 26493.667 14.537 26493.667 14.497
3 414265.000  247.859 431601.667  255.239 412936.333  243.312 420835.000  244.576 412525.667  246.247 412525.667  244.882
64/224/39/20 4 916245.667  551.597 941450.333  562.627 909981.667  539.624 917907.000  540.172 902769.000  539.468 902769.000  539.386
5 353066.333  201.775 373401.000  210.961 344053.667 193.754 350041.000 195.773 341090.333 193.964 341090.333 193.835
3 711.000 6.539 749.667 6.778 708.333 6.514 773.000 6.998 673.000 6.094 673.000 6.074
256/960/154/10 4 545.000 4.959 565.000 5.041 548.333 5.016 600.333 5.343 531.667 4.744 531.667 4.761
5 1334333 12.396 1417.000 12.896 1335.000 12.361 1421.000 12.900 1325.667 12.058 1325.667 12.044
3 32658.333 307.211 33057.000 306.608 32449.000 303.524 33231.667 304.706 32056.333 294.217 32056.333 294.161
256/960/154/15 4 7574.333 69.221 7949.000 71.323 7577.667 69.039 8725.000 78.072 7572.333 67.973 7572.333 67.955
5 23395.667 215.737 24673.667 224.258 23195.000 213.483 23697.000 214.258 23141.667 209.351 23141.667 209.497
3 656032.333  5944.437 659810.333  5894.824 657719.000 5893.551 687070.333  6113.262 653032.333  5770.820 653032.333  5762.226
256/960/154/20 4 77534333 702.579 81555.000  729.967 75995.000  686.385 77920333 691.400 75165.667  670.239 75165.667  669.212
5 849303.667  7549.701 859338.333  7528.233 846953.667  7458.227 873575.667  7559.832 836986.333  7293.532 836986.333  7277.394
3 1564.333 245.835 1607.667 247.128 1564.333 245.169 1618.333 248.882 1564.333 240.400 1564.333 240.888
1024/3968/615/10 4 780.333 120.072 814.333 122.558 779.667 119.602 852.333 127.968 779.667 117.170 779.667 117.224
5 1096.333 163.848 1139.667 167.163 1096.333 164.270 1191.000 174.402 1096.333 160.838 1096.333 160.475
3 29936.333  4581.731 30198.333  4529.294 29787.000  4544.019 30232.333  4528.930 29629.000  4433.812 29629.000  4431.184
1024/3968/615/15 4 18331.000  2793.548 18954.333  2835.536 18323.667  2784.835 19535.667  2912.890 18316.333  2732.203 18316.333  2734.728
5 50276.333  7491.121 50403.667  7395.504 50165.000  7453.703 50694.333  7442.606 50034.333  7290.507 50034.333  7295.645
3 374317.000 57600.000 380824.333  57600.000 376726.333  57600.000 383251.667 57600.000 381083.000 57600.000 381210.333  57600.000
1024/3968/615/20 4 280094.333  43606.623 286988.333  43773.444 282121.667 43589.087 290606.333  44012.792 285074.333  43387.748 284861.667  43400.644
5 296301.000 43702.481 300598.333  43627.218 298189.000 43749.261 302702.333  43745.951 301625.667 43544516 300953.667 43536.500
3 886.333 349.107 901.000 350.831 887.000 349.710 947.000 368.287 881.667 339.983 881.667 340.251
1600/6240/960/10 4 1305.000 500.781 1339.000 505.820 1304.333 500.359 1375.000 522.649 1304.333 490.576 1304.333 491.160
5 730.333 282.558 782.333 303.181 730.333 282.835 813.667 307.789 730.333 276.314 730.333 276.230
3 48735.667  18630.853 48941.667  18330.793 48951.667  18654.874 49919.667 18631.621 48346.333  18046.156 48346.333  18042.109
1600/6240/960/15 4 32162.333  12325.981 32604.333  12222.586 32125.667 12293.713 33572333 12559.033 32008.333  11992.578 32008.333  11971.408
5 20498.333  7810.910 21311.000  7928.243 20497.667  7783.660 21514333 7984.909 20410.333  7583.038 20410.333  7583.223
3 148269.000 57600.000 151631.667  57600.000 149234.333  57600.000 152225.000 57600.000 151676.333  57600.000 151451.667 57600.000
1600/6240/960/20 4 150953.667  57600.000 153872.333  57600.000 151409.000  57600.000 154535.667  57600.000 154339.667  57600.000 153861.667  57600.000
5 151700.333  57600.000 155280.333  57600.000 152698.333  57600.000 151409.667  57600.000 154983.667  57600.000 154928.333  57600.000
Averages 132741.904  8641.864 137468.837  8635.899 131888.807  8635.596 135071.978  8666.638 131488.837  8586.849 131455.163  8585.927




Appendix F

Parma dataset: Intervention set
and cost reductions

This appendix describes how the set of interventions was determined, as well as how
the cost reductions were calculated. For the intervention set, recall that we consid-
ered the set J of possible intervention types (see Table 4.11). Each intervention type
1 € J is associated with a list L, of candidate arcs, from which subsets of arcs affected
by each intervention are selected. Since, in practice, interventions are not applied to
all candidate arcs, we follow the procedure described in Algorithm 9, which gen-
erates the intervention set K and the corresponding arc sets A;. The resulting set K
comprises different intervention types and may include multiple interventions of the
same type.

For each OD pair w = (oy,,d,,) € W, we compute the shortest path from o,, to
d,, using distance as the minimization criterion (lines 3—4). Based on these paths,
we calculate the frequency of each arc a € A (lines 5-6). The motivation for using
only distance as a criterion is that, if all three criteria (distance, safety, and practi-
cability) were considered, unsafe arcs and arcs with low practicability would hardly
be selected due to their low frequencies. However, such arcs are precisely those that
should be prioritized to improve the overall quality of the cycling network. In a hy-

pothetical scenario in which the safety and practicability scores are uniformly at their
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Algorithm 9: Generation of the intervention set K and the corresponding

arc sets Ay.

1 Initialize arc frequency v(a) < O foralla € A ;

2 K+ {};
3 for each OD pair w = (oy,,d,,) € W do
4 Compute the shortest path from o,, to d,, ;

5 for each arc a on the path do
| v(a)« v(@)+1;

=

2

Compute Vpax < Maxgea V(a) ;

=]

for each intervention type 1 € J do
9 | Li<{acL |v(a)>[04Vnx]};
10 for each arc a = (i, j) € L, do

1 Create a new intervention k, K < KU {k} ;

12 Initialize Ay < {a} ;

13 S~ {iItUAN () UAMN(D) ;

14 for each arc a = (u,v) € L, withu € . and not in any Ay of type 1 do
15 tAkFAkU{a};

16 Let M, < max{|A| : k associated with type 1} ;

17 for each intervention k associated with type 1 do

18 if [Ax| < [0.4M,| then

19 t Remove intervention k, K < K \ {k} ;
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highest possible values, route choice would be based only on distance. Hence, we
assume this hypothetical scenario in order to improve the safety and practicability
scores of arcs that are close to those identified as relevant when considering only

distance minimization, as described in what follows.

For each intervention type 1 € J, we consider only the candidate arcs a € L, whose
frequency is greater than or equal to 40% of the maximum arc frequency among all
arcs, forming the set L, (lines 7-9). For each & = (i, j) € L,, an intervention k € K of
type 1 is created, and the corresponding arc set Ay, is initialized with a (lines 10-12).
Let 4 (i)={j €V |(i,j) € A} denote the set of nodes directly connected to node ,
referred to as first-order neighbors, and let .45 (i) = Ujc_y(;)-# (/) denote the set of
second-order neighbors of node i, that is, the nodes reachable from i through a path of
length two. To select additional arcs for each set A, the set associated with the arc a =
(i, j) € L, is augmented with each arc (u,v) € L, such thatu € {i} U4 (i) U.45(i) and
that does not belong to any other arc set A; associated with an intervention of type 1
(lines 13—15). Finally, we exclude any subset Ay, and consequently the corresponding
intervention k, whose size is less than 40% of the size of the largest subset associated

with the same intervention type (lines 16-19).

All interventions are summarized in Table F.1, which lists the considered inter-
vention types, the indices k of interventions associated with each type t, and the

maximum size M; among all subsets A; corresponding to 1.

Table F.1: Description of the considered interventions.

Intervention type

Intervention (k) Max size (M,)

1t Description

1 Add a bike crossing (ABC) [1,...,9] 12
2 Add protective elements (APE) [10....,16] 10
3 Build a bike lane (BBL) [17,...,31] 18
4 Build a bike path (BBP) [32,...,42] 18
5 Improvement pavement maintenance (IPM) [43,....,44] 9
6  Install markings (IM) [45] 17
7  Install signage (IS) [46,....,47] 17
8  Modify lane dimensions and remove bottlenecks (MDB) [48,...,51] 10
9  Modify pavement material (MPM) [52,...,55] 9
10 Remove protrusions (RP) [56,...,59] 10
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For the cost reductions, Table F.2 presents the factors associated with the safety
and practicability criteria that are affected by each intervention type 1. Note that a
key performance indicator (KPI) value is associated with each factor. These values
are integers ranging between —2 and 2. The effect of an intervention & of type 1, when
applied, is to increase the corresponding KPI for all arcs a € Ay if the intervention

affects that factor.

Table F.2: Factors associated with the selected road features (safety and practicability)

affected by each intervention type.

affected by

Safety factors :
Intervention types (1)

Protection from vehicular traffic {1,2,3,4}

Signage {1,7}

Markings {1,6}

L affected by

Practicability factors i
Intervention types (1)

Dimension and Bottlenecks (> 2.50 m) {8}

Dimension and Bottlenecks (> 1.50 m and < 2.50 m) {8}

Dimension and Bottlenecks (< 1.50 m) {8}

Pavement maintenance {5}

Pavement material {9}

Protrusions {10}

Let ‘Kl]; denote the original (i.e., before the application of any intervention) KPI
value for factor f on arc (i, j). The total KPI, Cl-h,-, on arc (i, j) associated with road

feature £ is calculated as

h _ f
Cij Z 4 2
feF,
where [, represents the set of factors associated with road feature 7 € {1,...,r}. The
cost cf’] is therefore defined as:
h
A=1— L
) Ch _ Ch ’

max min
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where C! = max{Cf’j} and C!!

sible KPI values that can be assigned to road feature &, respectively (see Chapter 3

= min{CIhj} are the maximum and minimum pos-
for more details).

As described in Table F.2, a intervention k of type 1 affects one or more factors f €
Fj, associated with road feature 4, increasing the corresponding KPI values. Hence,
let ‘éfk > ‘5}; denote the KPI value after the application of intervention k£ € K for
factor f € IF;, on arc (i, j) (equality only holds if intervention k does not affect factor

f). The KPI variation on arc (i, j) associated with intervention k for road feature 4 is

W= ¥ (- 4)

f €Fy

calculated as

However, as the cost reductions q)f}k, are related to the cost values, not directly to KPI
values, they must be computed as

fk _cpof
oh=Y Gy =
ijk Ch _ Ch ’
feF, max min

It is worth mentioning that for each arc (i, j) and factor f, only the interven-
tion leading to the maximum KPI improvement is considered. This choice not only
contributes to guarantee non-negativity of the resulting basic costs, but also reflects
practical implementation constraints in the scenario corresponding to the Parma in-
stances, as multiple interventions affecting the same factor on the same arc are not

cumulatively effective.
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