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Abstract: The introduction of 5G technologies has enabled the possibility of designing and building
several new classes of networked information systems that were previously impossible to implement
due to limitations on data throughput or the reliability of transmission channels. Among them,
one of the most interesting and successful examples with a highly positive impact in terms of the
quality of urban environments and societal and economical welfare is a system of semi-autonomous
connected vehicles, where IoT devices, data centers, and fleets of smart vehicles equipped with
communication and computational resources are combined into a heterogeneous and distributed
infrastructure, unifying hardware, networks, and software. In order to efficiently provide various
services (e.g., patrolling, pickup and delivery, monitoring), these systems typically rely on collecting
and broadcasting large amounts of data (e.g., sensor data, GPS traces, or maps), which need to be
properly collected and processed in a timely manner. As is well documented in the literature, one of
the most effective ways to achieve this purpose, especially in a real-time context, is to adopt a graph
model of the data (e.g., to model communication networks, roads, or interactions between vehicles)
and to employ suitable graph algorithms to solve properly defined computational problems of interest
(e.g., shortest paths or distributed consensus). While research in this context has been extensive from a
theoretical perspective, works that have focused on the implementation, deployment, and evaluation
of the practical performance of graph algorithms for real-world systems of autonomous vehicles have
been much rarer. In this paper, we present a study of this kind. Specifically, we first describe the
main features of a real-world information system employing semi-autonomous connected vehicles
that is currently being tested in the city of L’Aquila (Italy). Then, we present an overview of the
computational challenges arising in the considered application domain and provide a systematic
survey of known algorithmic results for one of the most relevant classes of computational problems
that have to be addressed in said domain, namely, pickup and delivery problems. Finally, we discuss
implementation issues, adopted software tools, and the deployment and testing phases concerning
one of the algorithmic components of the mentioned real-world system dedicated to handling a
specific problem of the above class, namely, the pickup and delivery multi-vehicle problem with
time windows.

Keywords: applied algorithmics; autonomous vehicles; combinatorial optimization; algorithm
engineering

1. Introduction

The field of telecommunications has undergone a transformative evolution in the
domain of cellular networks with the introduction of 5G technologies, which have rep-
resented a substantial advancement in terms of transfer rates and latency and therefore
have introduced breakthrough innovation in the design and deployment of information
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systems that rely on effective, secure, and fault-tolerant data transmission. More specifically,
such innovation has enabled the possibility of building entirely new classes of informa-
tion systems and networked applications that were previously impossible to implement
due to limitations in terms of data throughput or the reliability of communication chan-
nels [1]. Among the new types of systems that have experienced major diffusion, one of
the most interesting and successful examples, due to the highly positive impact in terms
of the quality of urban environments and societal and economical welfare, is a system of
semi-autonomous connected vehicles.

In a typical system of semi-autonomous connected vehicles (commonly associated
with the broader class of intelligent transport systems), we have a set (also known as fleet) of
smart vehicles (or generically, mobile entities) that are equipped with high-end communica-
tion, sensing, and computational technologies and are deployed and can move/perform
operations (with a certain, pre-specified degree of autonomy) in a given environment
(e.g,. the road network of a city). Such vehicles are integrated and interact with IoT de-
vices, computational units, data centers, satellites, and various sensing technologies to
form a heterogeneous and distributed infrastructure, unifying hardware, networks, and
software. The synergy between the fleet and the infrastructure forms a cohesive system
designed to let vehicles perform complex tasks, often requiring coordination (e.g., pickup
or delivery operations, search and rescue activities, traffic engineering [2,3]), while achiev-
ing the superior efficiency, safety, and adaptability of transportation within diverse and
dynamic environments.

In order to achieve such levels of performance, these systems typically rely on col-
lecting and broadcasting large amounts of data (e.g., sensor data, GPS traces, or maps),
which need to be properly collected and processed in a timely manner in order to support
tasks and to optimize various related services, such as route planning, task scheduling, or
monitoring. Examples of studies that have considered such systems, as well as their design
and performance analysis, are numerous and almost always of the multi-disciplinary type,
involving computer scientists/engineers and experts in the telecommunications, materials
science, electronics, and automotive fields (see, e.g., [4,5]).

In this direction, as is well documented in the literature, one of the most effective
and widely used strategies, especially in a real-time context, to efficiently collect, store,
and process data for decision-support and optimization purposes is to consider a graph
model of the data and to employ suitable graph algorithms to solve properly defined
computational problems of interest. Successful applications of graph-based modeling
and graph algorithms for supporting the provision of services in modern information
systems are various and span diverse domains, from navigation systems, where graphs are
used to model and represent road networks and shortest-path algorithms are employed
to determine the best routes [6,7], to airline management systems, where graphs are used
to model flights connecting airports and maximum-flow algorithms are used to schedule
departures and arrivals [8], up to distributed systems of entities, where graphs are used
to model interactions between entities and coloring algorithms are exploited to achieve
various forms of consensus or coordination [9,10]. Thus, on the one hand, research in
this context has been extensive from a theoretical perspective in both computer science
and engineering, mostly due to the plethora of domains where graph-based modeling
and processing find applications [11-13]. On the other hand, works that have focused on
the implementation, deployment, and evaluation of the practical performance of graph
algorithms for real-world systems and specifically for systems of autonomous vehicles
have been much rarer.

In this paper, we contribute to filling this gap in the literature in the following ways:
(i) We describe the main features of a real-world information system that employs semi-
autonomous connected vehicles; this system was designed and deployed and is currently
under test in the city of L’Aquila (Italy) within the broader EMERGE initiative, a smart
mobility and communications project to develop technologies for autonomous and assisted
driving systems to support both “everyday” and “emergency” operations. (ii) We present
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an overview of computational challenges arising in the considered application domain
and provide a systematic survey of known algorithmic results for one of the most relevant
classes of computational problems that have to be addressed in said domain, namely, pickup
and delivery problems. (iii) We showcase the main phases of the implementation, deployment,
and testing of one of the algorithmic components of the mentioned real-world system.

This paper is organized as follows. Section 2 describes, at a high level, the architecture
of the real-world system considered here from both physical and virtual/software perspec-
tives and discusses the three primary services that are enabled and currently supported
by the EMERGE system through the integration of 5G technologies and smart vehicles.
Section 3 introduces general algorithmic issues that arise in systems like EMERGE to effec-
tively support such services and provides an overview, from a computational perspective,
of the relevant class of problems named pickup and delivery problems, which is exploited for
decision-making and optimization purposes in essentially all systems that employ fleets of
semi-autonomous connected vehicles. In Section 4, we discuss implementation, deploy-
ment, and testing efforts that have been addressed within the EMERGE initiative with
respect to the algorithmic components of the system. Specifically, among all algorithms
that have been considered and implemented in said system, we provide details for the
component that takes care of handling a specific problem of the above class, namely, the
pickup and delivery multi-vehicle problem with time windows, whose solution is essential to co-
ordinating vehicles to perform time-constrained operations requested by customers/users
of the system. Section 5 concludes the paper by highlighting open problems and future
research directions.

2. Architecture: The EMERGE System

In this section, we introduce the EMERGE system and describe its architectural details
from both physical /hardware and software perspectives.

The EMERGE system (http:/ /www.radiolabs.it/en/emerge/ accessed on 25 March
2024), or simply EMERGE, for short, is a heterogeneous platform capable of offering in-
novative navigation services through the integration of advanced solutions for location,
communication, and cyber-security for smart vehicle equipment and distributed infras-
tructure dedicated to information management and service provision. Figure 1 shows a
high-level overview of technologies, infrastructural components, users, and interactions
between elements that form the EMERGE system. Specifically, note that the system is
designed to manage and optimize various kinds of operational modes for a fleet of smart ve-
hicles, i.e., vehicles equipped with both computational resources and communication, with
high-throughput 5G-based capabilities. Vehicles are assumed to start their “operational”
daily activity from a pre-defined depot and are then allowed to move in a geographical
area, according to requests or plans provided to the system by external users, to perform
various types of operations. In the process, vehicles can collect data via sensors and can
communicate both with each other and with a dedicated two-level infrastructure via cyber-
secure protocols. Such infrastructure is organized in a hierarchical fashion, with local units
of the multi-access computing type placed close to vehicles and with limited computational
capabilities (to handle basic tasks), and a single, remote, ground center (named EMERGE
Ground Control, or EGC from here onward) with larger computational resources (to handle
more complex tasks).

Both the vehicles and local units of multi-access computing have access to cloud-based
resources for data collection and processing and to satellites (multi-frequency and multi-
constellation satellite positioning systems for effective positioning and geo-referencing
(also known as GNSSs, such as GPS or GALILEO)). In more detail, each vehicle is equipped
with both standard (e.g., tachometer, odometer) and additional (e.g., IMU, LIDAR, RADAR)
sensors, advanced aggregation/processing data platforms, and multi-protocol communica-
tion. Each vehicle can be customized with different technological setups depending on two
possible pre-defined operational modes, namely, ordinary and emergency operational modes.
The vehicles are semi-autonomous in the sense that they can have a driver to perform tasks
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that are difficult to automate while at the same time having the ability to communicate and
perform distributed tasks autonomously, without the driver’s intervention. The driver can
access the EMERGE network only through the vehicle, and there is no interaction between
the driver’s mobile device and the vehicle for EMERGE services.
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Figure 1. The EMERGE system: an overview of physical /hardware components and interactions.

In terms of software architecture, the above system organization translates into the
software platform in Figure 2. On one side of the figure, we observe the vehicle component:
each vehicle is equipped with an EMERGE on-board unit (OBU), a software/hardware
unit that takes care of performing computational tasks, data collection, and analysis and
implements communication with both other vehicles and the infrastructure. Such commu-
nication happens through appropriate software modules providing support to transmit,
securely and reliably (by exploiting a Crypto-engine unit), over both terrestrial (LTE/5G)
and satellite (e.g., Athena Fidus) protocols. On the other side of the figure, we report
a description of the software units running on both edge-computing infrastructure and
EMERGE Ground Control (EGC). These units” responsibility is to support more complex
optimization, analysis, and coordination tasks, such as the optimization of routes traveled
by vehicles, the selection of locations to be visited by vehicles, and massive data analysis
for traffic predictions. The vehicle equipment can be of any of the following three types,
named OBU configurations, with different sets of supported services:

1.  Configuration EMERGE FULL:

*  Supports emergency management services through dynamic and collaborative
navigation applications with the use of preferential and/or dedicated lanes;

*  Facilitates efficient traffic flow management for “everyday” operations, mobility
support services, and third-party services;

¢ Includes modules for satellite communication, multi-standard terrestrial communica-
tion, advanced high-accuracy and high-integrity navigation techniques and algorithms,
and 360-degree video surveillance of the vehicle’s surrounding environment.

2. Configuration EMERGE MEDIUM:

*  Supports traffic flow management in “everyday” operations, mobility support
services, and third-party services;

* Includes multi-standard terrestrial communication, advanced high-accuracy
and high-integrity navigation techniques and algorithms, and 360-degree video
surveillance of the vehicle’s surrounding environment.
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3.

Configuration EMERGE SMALL:

*  Supports traffic flow management in “everyday” operations, mobility support
services, and third-party services;

* Includes multi-standard terrestrial communication and Commercial Off-The-
Shelf (COTS) GPS navigation systems;

*  Integrates 360-degree video surveillance of the vehicle’s surrounding environment.
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Figure 2. The software architecture of the EMERGE system.

Vehicles equipped with an EMERGE OBU are, if necessary, able to interface with exter-

nal vehicles outside the EMERGE system equipped with V2V connectivity. In these cases,
the reference V2X standards (DSRC or C-V2X) are used [14]. The terrestrial architecture
consists of four main components:

1.

Roadside infrastructure and MEC, which includes processing and communication ele-
ments placed along the road (RSU, eNB, gNB, etc.) for the local processing of information
and support for URLLC services. The roadside infrastructure may potentially interface
with external vehicles outside the EMERGE system equipped with V2I connectivity.
Ground aggregation of heterogeneous information flows.

EMERGE Service Hub, with integrated processing capabilities for information from
the field, both locally and remotely through the EMERGE Cloud, for the implementa-
tion of EMERGE applications and the provision of EMERGE services to third parties.
EMERGE Cloud, dedicated to the remote processing of information for specific dy-
namic and cooperative navigation applications, augmentation, and professional com-
munications in support of EMERGE services.

We refer the interested reader to [14,15] and references therein for more details on

some employed technologies and operational modes.

Services and Computational Tasks

Given the above organization and architecture, the following are identified as the three

primary services provided by the EMERGE system and its fleet and currently (either fully
or partially) supported by the deployed prototype under test:

1.

Vehicle task planning: Given a set of “goal” operations to be performed by vehicles in the
fleet in a geographical zone and in specified time windows of the day (e.g., pickup or
delivery operations), provided as input, the system determines a detailed scheduling
plan for each vehicle, including routes to be followed, departure or waiting times, the
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order of the locations to visit, and items to carry, to allow the vehicles to accomplish
all goals while optimizing metrics of interest (e.g., fuel consumption);

2. Network monitoring: Continuous, real-time, data acquisition is performed by vehicles
moving in the given geographical zone of interest through their sensor equipment for
monitoring (and predicting) the status of the network over time (traffic, disruptions,
congestions, detours);

3. React and reoptimize: To respond to changes in the status of the network (e.g., disruptions,
roadworks, emergency vehicles) or that of the vehicles (e.g., malfunctions), vehicles coordi-
nate and cooperate (by communicating and exchanging data both with the infrastructure
and between each other) in order to update/reoptimize the scheduling plan to consider
status changes that have occurred while continuing with the assigned operations.

In order to provide these services, appropriate data models, computational problems,
and algorithms have been identified, studied, and implemented to be part of the software
architecture of the EMERGE system, respectively.

3. Computational Problems and Algorithms

In this section, we describe and formalize the computational problems that have been
identified and addressed throughout the phases of development of the EMERGE system
in order to provide services of interest through the platform. Specifically, we first walk
through relevant variants of the pickup and delivery problem that have been studied in the
literature and for which algorithmic results with guarantees are known. The discussion
is organized by following a classification of problem variants in terms of optimization
objectives. All problems consider a graph discretization, based on different levels of detail,
of the environment in which vehicles move. Most of the considered problems are known
to be hard to solve exactly, i.e., to belong to the class of NP-hard optimization problems
(due to reductions to variants of the well-known Traveling Salesman Problem (TSP) [8];
for a survey on the TSP and its variants, the reader is referred to [16]). Therefore, our
survey focuses only on available options with guarantees on the approximation factor in
the worst case. Then, we consider the pickup and delivery problem with time windows
and multiple vehicles, for which we had to resort to heuristics without guarantees, since no
approximation algorithm with guarantees is known to be practically effective.

3.1. Maximum Prize Problems

Orienteering Problem (OP). In this first basic problem formalization, we are given a graph
G = (V,E) with n = |V| vertices and m = |E| edges, weighted with a cost function! : E — R=0
on the edges and a prize function  : V — R=" on the vertices, a budget B € R>? and two
distinguished nodes s, t, and we are asked to find a walk Ps; from s to ¢ that: (i) satisfies
the budget constraints, i.e., the sum of the costs of the edges in the walk is smaller than or
equal to B; (ii) maximizes a collected prize for the walk, where the collected prize of a walk
is given by the sum of the prizes associated to the vertices in the walk. More formally, the
problem can be described as in Figure 3.

Problem: Orienteering Problem (OP)

Input: an undirected graph G = (V,E), a prize function = : V — R2’, a cost
function [ : E — R20, specific nodes s, ¢t € V and a budget B € R>0,

Feasible Solution: a walk P s.t. [(Ps;) = Y ecg(p,,) [(€) < B.

Goal: (Pst) = Yyev(p,,) 7 (v) maximized.

Figure 3. Formalization of OP.

Due to the plethora of applications that the problem finds, the literature on algorithms
for finding approximate solutions with guarantees is ample. Specifically, Blum et al. [17]
gave the first constant factor approximation algorithm for OP with approximation ratio of 4
when s = t and showed that no polynomial-time approximation algorithm can achieve a fac-
tor better than % to OP. In the same paper, the authors also showed that OP is APX-hard
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while Bansal et al. [18] improved the bound of Blum et al. by designing an algorithm with
approximation ratio of 3 when s = t. Moreover, Chekuri et al. [19] proposed a 2 + £ approxi-
mation algorithm that works for any positive constant ¢ while Friggstad and Swamy [20]
designed, via LP-rounding, a 3-approximation algorithm when s = t. The solution given by
Paul et al. [21], instead, is a 2-approximation algorithms that solves OP when s and ¢ are not
given in advance. Finally, Chen and Har-Peled [22] gave a polynomial-time approximation
scheme (PTAS) when the points lie in a constant dimensional Euclidean metric.
Orienteering Problem with Time Windows (OPTW). In this problem variant (formalization
is given in Figure 4), the goal is to find a walk from a starting node to an ending node that
visits a set of vertices with the maximum profit within their time windows respecting a
given budget B. Given a walk P, from u to v, for any z € V(Py,), let tp(u, z) denote the time
taken (distance) to reach z € V(P,,) from u along P,,. Note that, the OPTW problem is also
known as the Repairman problem, (Speeding) Delivery Man problem [23], Time Window
Prize Collecting problem [24], and Prize-Collecting TSP with Time Windows [25].

Problem: Orienteering Problem with Time Windows (OPTW)

Input: an undirected graph G = (V,E), a prize function 7 : V — R?, a cost
function | : E —» R20 a deadline function on nodes D : V — R20 3 release
function on nodes R : V — R20, specific nodes s, ¢t € V and a budget B € R>9,
Feasible Solution: a walk Py, s.t. [(Ps;) = ¥.cp(p,,) I(€) < B.

Goal: m(Pst) = Xoev (Py):R(v)<tp(0) <D (o) 7T (0) Maximized.

Figure 4. Formalization of OPTW.

Bansal et al. [18] gave an O(logz(n)) approximation algorithm for OPTW when s = t.
They also proposed an O(log(1/¢)) approximation algorithm for OPTW when s = ¢ if
exceeding the deadlines by a factor of 1 + ¢ is permitted. Chekuri and Kumar [26] gave
a constant factor approximation algorithm for the special case of this problem when the
number of time windows is a constant. Given an a approximation for OP, Chekuri et al. [19]
proposed an O(« - max{log OPT,log ﬁ:‘l’;‘ }) approximation for OPTW, where: (i) OPT < n is
the number of vertices visited by an optimal solution; (ii) Lyax and Ly, are the lengths of
the longest and shortest time windows, respectively.

Bar-Yehuda et al. [25] provided two approximation algorithms for OPTW on a line.
The first algorithm is an 8-approximation algorithm, where its complexity time is O(n?).
The second one is a (4 + ¢)-approximation algorithm and its complexity time is O(n®/e).
Perez et al. [27] provided a 4-approximation algorithm for OPTW with unitary length time
windows on a line whose complexity time is O(n?). Miguel and Pilar [28] proposed an
integer linear programming approach for OPTW on a line with unit time windows, which
produces approximate solutions within a factor of 4 to the optimal solution. Frederickson
and Wittman [23] studied OPTW with unit time windows. For this variant, they provided
6 + ¢ and 3 approximation algorithms on graphs and trees respectively. In the case when
all time windows have length in [1,2], Frederickson and Wittman [23] showed that OPTW
admits a 10-approximation algorithm.

Finally, Garg et al. [29] studied a different variant of OPTW where instead of having
a time window for each node v, each node v specifies a subset T, of available time slots
when the tour can visit it and the goal is to find a tour starting from s that maximizes
the number of visited nodes. They call this problem OrientMTW and show that, unless

class NP is contained in class DTIME(n®1°8™))  there is no polynomial-time o(lolg’il%)—
approximation algorithm for OrientMTW even if we restrict the graph topology to trees.

Deadline Traveling Salesman Problem (D-TSP). A well-known variant of OPTW is the
Deadline Traveling Salesman Problem (D-TSP). In this case, the release time of each node is
assumed to be zero, i.e., R(v) = 0 for any vertex v (formally defined in Figure 5). Since D-TSP
is a special case of OPTW, all results for OPTW hold for D-TSP. Moreover, Bansal et al. [18]
gave an O(log n) approximation algorithm for D-TSP while Farbstein and Levin [30] pro-

posed a ((1 +¢).a)-approximation algorithm for every ¢ > 0 for D-TSP while exceeding
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the deadlines by a factor of 1+ ¢, where « is the approximation ratio for D-TSP with a
constant number of deadlines (currently & = 3 by Chekuri and Kumar [26]). Observe
that, on weighted trees, D-TSP admits (1 + ¢)-approximation algorithm while violating the
deadlines by a factor of 1 + ¢ [30]. Finally, Friggstad and Swamy [31] proposed a (7.63 + ¢)-
approximation algorithm for D-TSP in n?{1°67%) time, where n is the number of points
(nodes), and A is the diameter of the (scaled) metric space.

Problem: Deadline Traveling Salesman Problem (D-TSP)

Input: an undirected graph G = (V,E), a prize function = : V. — R=’, a cost
function ! : E — R2Y9, a deadline function on nodes D : V — R2Y, specific nodes
seV.

Feasible Solution: a walk P starting at s.

Goal: ﬂ(P) = ZUEV(P):tP(v)SD(U) 7'[(1)) maximized.

Figure 5. Formalization of D-TSP.

Capacitated Orienteering Problem (C-OP). The C-OP is a generalization of OP in which
we also consider node demands r : V — N and a capacity bound C. Formally, the problem
is specified as in Figure 6 Perhaps the most remarkable achievement with respect to this
problem is the result of Gupta et al. [32] who showed that, given an a-approximation
algorithm for OP, it is possible to derive a 2a-approximation algorithm for C-OP. Bock and
Sanita [33] improved this result by giving a (1 + a + ¢)-approximation algorithm for C-OP
and by presenting a PTAS on trees and a PTAS on Euclidean metrics.

Team Orienteering Problem (TOP). This problem is the first of a different category that
considers optimizing operations of multiple vehicles. Specifically, the problem has been
formalized (see Figure 7) and studied for the first time by Xu et al. [34] is as follows. We are
given a graph G = (V U {s, t}, E) and two specific nodes s and t. Notice that nodes s and ¢
may or may not be co-located. There is an edge in E between any two nodes in V U {s, t}
and there are K > 1 vehicles to serve the nodes in V. All vehicles are located at source
node s initially and, for any vehicle k, we have a cost function ¢x : E — R2% on the edges
(representing, e.g., the traveling cost of vehicle k from one vertex to another) and a cost
function hy : V — R0 on the nodes representing, e.g., the service cost of vehicle k at each
vertex). We assume that h(s) = h(t) = 0. Then, the cost w(PX) of a simple path P%, from s to

t is given by:
wPE) = >0 @+ D o).

veV (PK) ecE(Pk)

For any vehicle k, let By denote the cost budget of vehicle k, meaning that w(P%) < By.
Moreover, for any vertex v;, let n; be the number of vehicles among K vehicles that serve v;.
For any vertex v;, let u; : K — R2%be a non-decreasing sub-modular profit function, where
u;(n;) represents the profit that we accumulate after serving vertex v; with n; vehicles.

Problem: Capacitated Orienting Problem (C-OP)

Input: an undirected graph G = (V,E), a prize function 7 : V — R2’, a cost
function [ : E — R2%, a node demand functionr: V — N, specificnodes s,t € V, a
budget B € R*? and a capacity C € N.

Feasible Solution: a walk Py s.t. I(Py) = Xecpp,)l(e) < B and r(Py) =
Qvev(py) () < C.

Goal: n(Pgt) = Ypev (p,,) 7(v) maximized.

Figure 6. Formalization of C-OP.
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The objective in TOP, in G, is to find K paths PL,, P%, ..., PX for K vehicles each starting

st’ = st/
from node s and ending at ¢, such that the profit sum of the nodes served by the K vehicles,

ie, X, Uk Pk, u;(vx), is maximized, subject to that the cost w(P) of each path Pft for vehicle

k is no greater than its cost budget By, i.e., w(Pft) < Br with 1 < k < K. That is, we seek:
max Z u; (og)
UiEU’Z Pft

subject to
w(Pk) < B, 1<k <K

Xu et al. [34] showed that There is a 1/(1 — e”%*)-approximation algorithm for TOP,
where e is the base of the natural logarithm, and « is an approximation factor to OP.

Problem: Team Orienteering Problem (TOP)

Input: an undirected graph G = (V,E), for any vertex v; € V a prize function
u; : K — R29, a set of K vehicles, for any vehicle k € [K], an edge cost function
Ik : E — R, anode cost function h; : V — R=° and a budget By € R>?, and
specific nodes s, t € V.

Feasible Solution: a walk P}, for any vehicle k € [K] s.t. w(Pg,) = Xocppr) le(e) +
Zuev(ij,) hi(v) < Bi for any k € [K].

Goal: Zvieuﬁ p, Ui(vr) maximized.

Figure 7. Formalization of TOP.

Prior to these works, a simpler variant of TOP was studied by Blum et al. [17]. In such
variant, for any two vehicles k, j € [K], any edge e € E, and any node v € V, we have that:
(i) lx(e) = 1;(e) (i.e., the cost of any edge is the same for all vehicles); (ii) 7« (v) = 7;(v) = 7(v)
(i.e., the prize of any node is the same for all vehicles) and the prize function r is additive;
(iii) Bx = Bj; (i.e., all vehicles have identical budget); (iv) hx(v) = 0 (i.e., for any vehicle
k € [K], the cost of any vertex is 0). Furthermore, all the vehicles have the same starting
point s, and the end point is arbitrary. Blum et al. [17] called this problem Multi-Path
Orienteering and showed that any « approximation for OP when s = ¢, can be translated into
a1l/(1-e~*) approximation for Multi-Path Orienteering. Blum et al. [17] also showed that
their algorithm has a factor of @ + 1 when the starting point of each vehicle is arbitrary in
Multi-Path Orienteering. Friggstad et al. [35] studied a variant of Multi-Path Orienteering
in the case where each vehicle needs to find a tour (i.e., s = t), each node has a cost, and for
any two tours P, Pj, V(Pr) N V(P;) = {s}. The goal is to find K tours so that the minimum
total prize among all tours is maximized, i.e., maxminp 7(P). They called this problem
max-min orienteering and showed that any a-approximation algorithm for OP results in an
(o +2)-approximation for max-min orienteering.

To complete the overview, it is worth mentioning the work by Xu et al. [36] who
focused on TOP when s = ¢, the prize function for each vehicle is additive and each vertex
should be visited once. Such variant has been named monitoring reward maximization
problem and in [36] a corresponding 3-approximation for the problem has been presented.
Capacitated Team Orienteering Problem (C-TOP). C-TOP is a generalization of TOP in
which we also consider node demands r : V — N and a capacity bound C for each walk
(vehicle). For such generalization, formalized in Figure 8, Bock and Sanita [33] designed a
(1- e%)-approximation algorithm, where « is an approximation factor for C-OP, under the
following assumptions:

¢ each vehicle has the same budget B and the same capacity C;
e for each vehicle, the cost of each vertex is 0, the cost of each edge is the same and the
prize of each vertex is the same.

It is worth pointing out that Archetti et al. [37] proved that a f-approximation algo-
rithm for C-TOP can be turned into a 2$-approximation algorithm for the Capacitated Team
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Orienteering with Split Deliveries, a variant of C-TOP in which a node demand can be served
by several walks (vehicles).

Problem: Capacitated Team Orienteering Problem (C-TOP)

Input: an undirected graph G = (V,E), for any vertex v; € V a prize function
u; : K - R2% and a demand r(v;) € N, a set of K vehicles, for any vehicle k € [K],
an edge cost function [y : E — R2% a node cost function h; : V — R29, a budget
By € R*Y and a capacity Cy € N, and specific nodes s, t € V.

Feasible Solution: a walk P, for any vehicle k € [K] s.t. for any k € [K], w(PX) =
ZeeE(Pfl) I(e) + ZueV(Pf,) hi(v) < B and F(Pskt) = ZveV(Pft) r(v) < Ck.

Goal: Zvieu’,ﬁ p, 4i(vg) maximized.

Figure 8. Formalization of C-TOP.

A summary of the results on OP and its variants is given in Table 1. In such summary

we have ¢ > 0 while « and &’ are approximation factors to OP and its directed version,
respectively. Parameter f is an approximation factor to C-OP while OPT is the cost of the
optimal solution to the problem. Moreover, Ly,qx and Ly, are the longest and shortest time
windows, respectively. Finally, y is an approximation ratio for D-TSP with a constant number
of deadlines (currently the best known factor is y = 3 by Chekuri and Kumar [26]). Note that
a (a, b)-bicriteria approximation algorithm to OPTW is the one which has a b-approximation
factor and violates the time windows by a factor of a.
Reoptimization of the Metric Deadline Traveling Salesman Problem (MD-TSP). In the
Metric Deadline Traveling Salesman Problem (MD-TSP), we are given a metric graph G =
(V,E) (i.e., a graph where costs on the edges satisfy the triangle inequality), a specific node
s € V, and the goal is to find a Hamiltonian cycle, starting at s, having minimum cost and
that visits each vertex v before its deadline D(v), assuming that there exists at least one
Hamiltonian cycle P in which each vertex is visited before its deadline (see Figure 9 for
details on the formalization). The time of visit tp(v) of a vertex v is given by the sum of the
costs of the edges of the sub-path of the Hamiltonian cycle starting at s and terminating
at o. The problem has interest itself with respect to applications, but perhaps the MD-TSP
has been investigated more from a re-optimization perspective, where one is given a good
(even optimal) solution to the problem and some modifications that affect the original
input, and the objective is to rearrange the given solution to obtain a provably good new
solution for the new input, with a minimal number of operations.

Table 1. A summary of known results for OP and variants.

Best Known Approximation Factor
Problem
Undirected Directed
log® n
oP 2+¢[19], 2 [21] (Unrooted) rogtogn 58]
OPTW O(a.max{log OPT, log iﬁi’f b [19], O(a’.max{log OPT, log ﬁ’:ﬁ})
6 + ¢ [23] (Unit time windows) [19]
D-TSP (1+¢,y(1+¢)) [30], 7.63 + ¢ [31] (Quasi O(a’.max{log OPT, log ﬁ’:ﬁ})
polynomial-time) [19]
C-OP (I1+a+e¢) [33] -
TOP (1-2%) [34] -
C-TOP (1- ) [33] -
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Problem: Reoptimization of the Metric Deadline Traveling Salesman Problem (MD-TSP)
Input: an undirected metric graph G = (V,E), a cost function ! : E — R29 a deadline
function on nodes D : V — R=?, specific node s € V.

Feasible Solution: a Hamiltonian cycle P starting at s s.t. for any v € V(P), tp(v) < D(v)
Goal: ¢(P) = ¥.ccp(p) ¢(e) minimized.

Figure 9. Formalization of MD-TSP.

In details, Bockenhauer and Komm [39], Bockenhauer et al. [40] and Bockenhauer
et al. [41] defined and studied some reoptimization variants of MD-TSP under the following
assumptions. We assume Go = (Vo,Ep) and Gy = (Vn, En) are two complete undirected
graphs with metric edge cost functions co : Eo — R=%and cy : Ex — R=’. Furthermore, we
let Do : Vo — R20 be a deadline function for Go and Dy : Vy — R2? be a deadline function
for Gy such that (Gn, cn, Dn) can be constructed from (Go, co, Do) by a local modification.
Bockenhauer and Komm [39] considered the following six local modifications:

e LM(D7): Deletion of a deadline: In this case, we have (Go, co) = (Gn, ¢N), Dn(v) # Do(v)
for some v € Vy = Vo, where Dy(v) = oo and Dp(v) = d for some d € R0, and
Dn(u) = Do(u) for any u € Vi \ {v}.

e LM(D"): Addition of a deadline to an already existing vertex: In this case, we have
(Go,co0) = (Gn,cn), Dn(v) # Do(v) for some v € Vy = Vp, where Dp(v) = o and
Dn(v) = d for some d € R=%, and Dy (u) = Do(u) for any u € Vy \ {v}.

e LM(V™): Deletion of a vertex without deadline: In this case, we have Vy = Vp \ {0} for
some v € Vp, where Do (v) = 0, and Ex and cy are the canonical restriction of Eg and
co to the vertices of Vi, and Dy (u) = Do(u) for any u € V.

e LM(V*): Addition of a vertex without deadline: In this case, we have Vo = Vy \ {0} for
some v € Vy where Dy (v) = oo, Eg and ¢p are the canonical restriction of Ey and cy to
the vertices of Vo, and Dy (u) = Do(u) for any u € V.

e LM((D AV)7): Deletion of a vertex with deadline: In this case, we have Vy = Vp \ {0}
where Do (v) =d and d € R=0, Ey and ¢y are the canonical restriction of Ep and co to
the vertices of Viy, and Dy (u) = Do(u) for any u € Vy.

e LM((D AV)*): Addition of a vertex with deadline: In this case, we have Vy = Vp \ {0}
where Dy (v) = d and d € R, Ep and ¢ are the canonical restriction of Ex and cy to
the vertices of Vo, and Dx(u) = Do(u) for any u € Vp.

Moreover, Bockenhauer et al. [40] and Bockenhauer et al. [41] considered the following
two local modifications:

e LM(D): change deadline: In this case, we have (Go,co) = (Gn,cn), Dn(v) # Do(v)
for some v € Vy = Vp, where for 1 < ¢ < n Dy(v) = Do(v) + € (case of increase) or
Dn(v) = Do(v) — & (case of decrease) and Dy (u) = Do(u) for any u € Vy \ {v}.

*  LM(E): change edge cost: In this case, co(e) # cn(e) for some e € Ex = Ep, where,
for some 1 < & < n, En(v) = Do(v) + £ (case of increase) or En (v) = Do (v) — & (case of
decrease). Also, for any u € Vy = Vo, Dn(u) = Do (u).

ForX € {D,E,D~,D*,V-,V*,(DA V)™, (D AV)*"}, Bockenhauer and Komm [39], Bock-
enhauer et al. [40] and Bockenhauer et al. [41] defined the problem LM(X)-MD-TSP as to
find an optimum solution for the MD-TSP instance (Gn, ¢y, Dn), given the MD-TSP instance
(Go, co, Do) together with an optimal solution C for it and an arbitrary feasible solution C
for (Gn, cn, Dn). Moreover, for any constant k, let LM(X)-k-MD-TSP denote the subproblem
of LM(X)-MD-TSP, where k is the cardinality of a set S C V, where for any v € S, Dy(v) € R=°
and for any u € V\'S, Dy(u) = oo. The results on this subject from Bockenhauer and
Komm [39], Bockenhauer et al. [40] and Bockenhauer et al. [41] are summarized in Table 2.
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Table 2. A summary of the results on some re-optimization variants of MD-TSP.
Bounds on Approximation Factor
Local Modification LM(X)-k-MD-TSP LM(X)-MD-TSP
Lower Upper Lower Upper
Add vertex without deadline (LM(V*)) 2 —¢ [39] 2 [39] 2 —¢[39] 2 [39]
Delete vertex without deadline (LM(V ™)) 2 —¢ [39] 2 [39] 2 —¢[39] 2 [39]
Add deadline to existing vertex (LM(D")) 2 —£[39] 2.5[39] (0.5 -¢)n[39] 0.5n [39]
Delete deadline from vertex (LM(D7)) 2 —¢e[39] 2.5[39] (0.5 -¢)n[39] 0.5n [39]
Add vertex with deadline (LM((V A D)")) 2 - ¢[39] 2.5[39] (0.5 -¢)n[39] 0.5n [39]
Delete vertex with deadline (LM(V AD7)) 2 —£[39] 2.5[39] (0.5 -¢)n[39] 0.5n [39]
Increase deadline LM(D) 2 — ¢ [40,41] 2.5[40,41] (0.5-¢)n [40,41] 0.5n [40,41]
Decrease deadline LM (D) 2 - ¢[40,41] | 2.5[4041] (0.5 - ¢)n [40,41] 0.5n [40,41]
Increase edges cost (LM(E)) 2 - ¢[40,41] | 2.5[4041] (0.5-¢)n[40,41] | 0.5m[40,41]
Decrease edge cost (LM(E)) 2—¢e[40,41] | 2.5][40,41] (0.5 - e)n [40,41] 0.5n [40,41]

3.2. Minimum Cost Problems

Capacitated Vehicle Routing Problem with Time Windows (C-VRPTW). Khachay and
Ogorodnikov [42] considered the following problem. We are given a set X = {x1,...,x,}
of points (costumers) and a depot y on the Euclidean plane. Any customer x; € X has a
demand d;. We are given an unbounded number of vehicles each with capacity q. Each
x € X is assigned with time window T.. A feasible route is an ordered pair R; = (P}, D;),
where P; = (y,x;,, Xy, ..., xi,, y) represents the simple cycle taken by vehicle j in which
T, < T, forany z € [s], and D; = (dy}, ..., ds;) in which d;; is a part of the i-th customer
demand covered by the route R; and 1 < d;; < d;.

The goal is to find a set of simple cycles starting at y such that }."" ; d;; < g for any rout
R;, Zﬁ.il d;j = d; for any customer x;, and minimizes Z;il c(Rj) = Zﬁ.il DiecE(P)) c(e). For any
¢ € (0,1) and the total customer demand d, Khachay and Ogorodnikov [42] provided a
(1 + ¢)-approximation algorithm in time O(nlogd) any time provided the capacity g and
the number p of time windows does not exceed 2198° " for some & = O(e).

Khachay and Ogorodnikov [43] provided a (1 + ¢)-approximation algorithm for C-

VRPTW with a better running time than that of [42], which is on’+ exp(exp(%))). Khachay
and Ogorodnikov [44] further investigated C-VRPTW when the number of depots is more
than one and gave (1 + ¢)-approximation algorithm in time O(n® + K o®)
K is the number of depots.
Ordered Clustered Traveling Salesman Problem (OC-TSP). In this problem (also formal-
ized in Figure 10 for the sake of clarify), a vehicle starting and ending at a given depot
must visit a set of n points partitioned into K not necessarily disjoint clusters so that points
of cluster k are visited prior to points of cluster k +1, for k = 1,2,...,K — 1, and the total
distance traveled is minimum.

exp( e%)), where

Problem: Ordered Clustered Traveling Salesman Problem (OC-TSP)

Input: a complete undirected graph G = (V,E), not necessarily disjoint K +1
clusters C; € V (1 < k < K), where Uﬁ)l Ci =V, Cy = {s} consists of a single node s
called depot and a cost function I : E — R=Y.

Feasible Solution: Hamiltonian path P s.t. points of cluster k are visited prior to
points of cluster k+1, fork=1,2,..., K- 1.

Goal: I(P) = ¥.cp(p) l(e) minimized.

Figure 10. Formalization of OC-TSP.

Observe that Anily et al. [45] provided 3-approximation algorithm for OC-TSP when
the clusters are disjoint which runs in O(n®) time. Furthermore, Guttmann-Beck et al. [46]
showed the following results for OC-TSP:
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¢  The starting and ending vertices in each cluster are given. A 1.9091-approximation
algorithm is given [46] which is improved to 1.875 by Kawasaki and Takazawa [47].

¢ The two ending vertices in each cluster are given. We are free to choose any one as the
starting vertex and the other one as the ending vertex. A 1.8-approximation algorithm
is given [46] which is improved to 1.714 by Kawasaki and Takazawa [47].

¢ Only the starting vertex in each cluster is given. A 2.643-approximation algorithm is
given [46] which is improved to 2.5 by Bao et al. [48].

*  End vertices are not specified. A 2.75-approximation algorithm is given [46], which
is improved to 2.67 by Kawasaki and Takazawa [47], improved to 2.167 by Bao and
Liu [49], and improved to 1.9 by Bao et al. [48].

Minimum Cycle Cover Problem (McCCP). In this problem, whose formalization is shown
in Figure 11, we are given a set of vertices in a metric space, a specified vertex s, and a
distance bound B. The goal is to find a minimum cardinality set of tours starting at s that
covers all vertices, such that each tour has length at most B. Xu et al. [50] showed that there
is a 4-approximation algorithm for MCCP. In the same work, the authors also considered a
different variant of MCCP called MCCP without neighborhoods where each IoT device can send
its data to a UAV wirelessly, and the UAV can collect the data from the device as long as
their Euclidean distance is no greater than a given wireless transmission range. In this case,
they proved that there is a constant approximation algorithm. Nagarajan and Ravi [51],
instead, studied MCCP when the cost of each vertex is zero and provided a (1+¢,O(log1/¢))-
bicriteria approximation algorithm, i.e., for any ¢, it obtains a solution violating the length
bound B by a 1 + ¢ factor while using at most O(log1/¢) times the optimal number of
vehicles. Nagarajan and Ravi [51] provided a 2-approximation algorithm on tree metrics.
Finally, Mao et al. [52] considered a different variant of MCCP in which we are given a
required edges R C E, and the goal is to find the minimum number of closed walks of
length at most B which collectively traverse all the edges in R such that the number of
closed walks used is a minimum. They provided a 5-approximation algorithm for this
problem. For the case when R = E, they gave a 4-approximation algorithm.

Problem: Minimum Cycle Cover Problem (MCCP)

Input: an undirected graph G = (V, E), an edge cost function I : E — R, a node
cost function h : V. — R=" and a maximum data collection delay B € R>".
Feasible Solution: a set of K tours Py s.t. w(Pr) = Ycg(p,) [(€) + Zoev(p) h(v) < B
for any k € [K] and Ule V(P.)=V.

Goal: K minimized.

Figure 11. Formalization of MCCP.

4. Implementation and Deployment

In this section, we discuss implementation, deployment, and testing efforts that have
been addressed within the EMERGE initiative with respect to the algorithmic components of
the system. Specifically, among all algorithms that have been considered and implemented in
said system, we provide the details of the component that takes care of handling a specific
problem of the class of problems discussed in Section 3, namely, the pickup and delivery
multi-vehicle problem with time windows, whose solution is essential to coordinating vehicles
to perform time-constrained operations requested by customers/users of the system.

In more detail, daily, on the basis of requests provided to the system by users, vehicles
have to be provided with routes to follow in the geographical area (road network) where
they are operating in order to visit locations, as indicated by users, within certain intervals
of time to perform operations of pickup or delivery. These routes have to be computed
by considering optimization criteria, such as minimizing the makespan for completing all
operations. Each request of a user, more precisely, specifies (i) a given location to visit; (ii) a
corresponding time window within the day when at least one vehicle of the fleet must
reside in said location; (iii) the type of operation to perform (either pickup or delivery).
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Pickup and delivery operations concern fixed, small-sized payloads, so the capacity of
vehicles is not taken into account.

The above can be effectively modeled by the optimization problem on graphs, as
shown in Figure 12. An example, in graphical form, of a generic input instance to the
pickup and delivery problem with time windows taken from https://developers.google.
com/optimization/routing/pickup_delivery (accessed on 25 March 2024) is shown in
Figure 13. Observe that this problem, like the problems discussed in Section 3, is NP-hard
since it includes instances of the TSP as a special case (when the fleet consists of a single
vehicle and each time window is large enough to not represent a constraint). This implies
that, for computing optimal solutions, no exact algorithm can be designed unless P = NP.
Hence, an approximation algorithm must be considered.

Input: A set N of nodes, where node 0 represents the depot while nodes 1,2,...,n

represent users’ locations; a set A of arcs representing feasible routes between nodes; a

set K of vehicles, where k € K represents a vehicle.

For each node i € N, we have the following parameters: t;: service time at a user’s

location i; (e;, [;): time window for user i, where ¢; is the earliest arrival time, and [; is

the latest arrival time; and c;;: cost (distance) of traversing arc (i, j).

Feasible Solution: Assignment to decision variables: (i) Uy(; j k)eax K{xfj}, where xl’.‘j =1

if vehicle k traverses arc (i, j) and 0 otherwise; (ii) Uy k)enxk{sik}, where s; is the

arrival time at a user’s location i for vehicle k, with the following constraints:

1. Each user’s location must be visited exactly once, i.e., ¥ ;cn iz xfj =1 Vje
N,Vk e Kand Yjen X =1 Vie NVkeK;

2. Flow conservation, i.e., ¥;en izj xfj — 2kenkzjXjik =0 Vj€N,Vk € K;

W

Time-window constraints, i.e., e; < sjx <I; Vi€ N,Vk € K;

4. Arrival time computation, i.e., sjx > s +t; + M(1 —xfj) Vie N,VjeEN,j+iVke
K, where M is a sufficiently large constant;

5. Binary variable constraints, i.e., xfj € {0,1} Vie N,V¥jeN,Vk eK.

. . . . . . k
Goal: Minimization of the function Yycx 2ien,jen, jxi €ij%;;-

Figure 12. Formalization of pickup and delivery multi-vehicle problem with time windows.

17, 12] [10, 15]
[16, 18] [10,13]
[0,/ 5] [5, [10]
[0, 4] [5, 10]
©
[0, 3] [10, 16]
©
[10,15] [0, 51
[5, 10] [7,81
[10, 15] [11,15]

©

Figure 13. An example of a graphical representation of an input to the pickup and delivery problem
with time windows, with 17 locations, identified by integer ids from 0 to 16, and their associated time
windows, shown within square brackets.
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Now, given the formalization, once an approximation algorithm is identified, the
decision/optimization of the routes to assign to vehicles to satisfy requests is performed
at the beginning of any working day by the EGC component of the system. After this
initial phase, vehicles are loaded and the system is in a regular operational scenario,
i.e., vehicles proceed to follow assigned routes and to visit specified locations. During
such a scenario, the EMERGE system (the EGC component) starts collecting (i) data on the
status of vehicles and the network via V2X (terrestrial and/or satellite) from the vehicles
themselves; (ii) traffic data provided by third-party services, if available. The collected data
are processed at EGC via suitable estimation/Al algorithms in order to detect/predict the
possibility of congestion events occurring on road segments of routes assigned to vehicles
(we refer the interested reader to [53-55] and references therein for some results in this area
concerning the estimation of dynamical models with control purposes).

If EGC detects or predicts with sufficiently high probability that a change in the status
of the network will affect portions of the network itself that do not overlap with routes
being followed by vehicles or that overlap but with observed or predicted delays that
are not large enough to induce violations in the time windows of locations to be visited,
then vehicles are not “warned”, and the system proceeds in a regular operational scenario:
i.e., each vehicle keeps operating on the originally assigned route. Conversely, if observed
or predicted delay/disrupting events happening in the network (or affecting vehicles)
make it impossible to continue planned operations without violations of time windows
(i.e., at least one scheduled visit cannot be performed correctly), then EGC implements the
following attempts to reoptimize the plan for visits and corresponding routes:

1. EGC computes a set of alternative routes, one per vehicle, trying to preserve the
satisfiability of the time-window constraints;

2. If the computation is successful, EGC sends updated routes to affected vehicles,
bringing the system back to a condition of regular operation;

3. If the computation fails, i.e., there exists at least one location that cannot be visited by
any of the vehicles in the prescribed time window, then EGC marks such location(s)
as discarded, removes it/them from the set of users’ requests, storing a trace of the
events that caused such removal(s), and tries to compute a new, alternative plan of
routes for remaining users’ requests.

4.1. Input Data

To perform the above operations, EGC needs to store and manipulate information on
the considered geographical zone where vehicles operate, i.e., on roads, traffic, and vehicle
positions. In the current prototype, EGC exploits map data provided by the OpenStreetMap
Foundation https:/ /www.openstreetmap.org/ (accessed on 25 March 2024). Roads are
represented by means of the so-called ways, which are ordered lists of nodes. Each node
consists of a single point in space defined by its latitude, longitude, and an identifier. When
two ways intersect at the same altitude (for example, at a road junction), the two ways
must share a node. Hence, the result is a directed graph consisting of points connected by
directed edges, representing the road network in an area. Additional sets of data can be
added to the network built as above. In particular, such data include (i) vehicle positions
(of both vehicles that belong to the fleet and those that do not), which can be added on the
fly and, when added, are associated with the closest node in the network; (ii) the lengths of
road segments between two nodes (representing, e.g., road junctions); (iii) the estimated
travel times of road segments; (iv) the positions of users’ locations; (v) distances between
users’ locations.

4.2. Software Modules and Prototyping

In order to address the above-mentioned decision/optimization problem, we consid-
ered both algorithms with guarantees and heuristics known in the literature. Eventually,
we opted to exploit and customize the implementation of a solving algorithm provided as
part of the Google OR-Tools suite (https://developers.google.com/optimization (accessed
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on on 25 March 2024)), since this framework is known to perform very well on real-world
inputs of the model that we have considered above.

In more detail, Google OR-Tools, developed by Google’s Operations Research team, is a
comprehensive suite of open-source software tools designed to tackle a broad spectrum of
optimization challenges. Renowned for its versatility, the platform offers a rich set of libraries
and algorithms that empower users to model and solve intricate combinatorial optimization
and constraint satisfaction problems. One of the standout features of Google OR-Tools is
its extensive range of applications, covering diverse domains such as linear programming,
integer programming, vehicle routing, job scheduling, and constraint programming. This
toolkit is known to be used by researchers, developers, and practitioners seeking effective
solutions in fields ranging from logistics and transportation planning to resource allocation
and scheduling. The framework is designed for accessibility and compatibility, supporting
many popular programming languages (e.g., Python or C++). This support ensures that a
wide community of users, both in academia and in industry, can leverage its capabilities.
Additionally, the toolkit is known for its scalability, enabling the efficient handling of large-
scale problem instances, a crucial aspect in addressing real-world complexities.

In what follows, we describe how the solver has been customized and integrated into the
EMERGE system and provide details on how services provided by the EMERGE system are
currently implemented in the advanced prototype under test. The implementation adheres
to the Edge-Cloud Computing paradigm, and computational efforts are divided between
modules: EGC (with a cloud component, a set of elastic servers), MEC (multi-access edge
computing), and OBUs (on-board units of vehicles). Specifically, in EGC, we developed a
software module named CARF (Critical Avoidance Route Finder), which is responsible for
the computation of routes for the vehicles on the basis of an input road map of an area, users’
requests (with associated time windows), and the structure of the fleet of vehicles. This
computation is performed during the vehicle task planning phase. Since the level of detail
of available maps of geographical areas can be unnecessarily high for the purpose of our
computation, the road map is subject to preprocessing to be converted into a complete directed
graph Gin which the nodes are only depot and users’ locations. Directed edges connecting
each pair of nodes are associated with the distance (or average travel time) between two
users’ locations, which are computed by an implementation of Dijkstra’s algorithm by another
component, namely, the SUMO toolkit, which runs on MEC.

SUMO is a software tool for urban mobility that can be used both for simulation
purposes and as a toolbox to compute the parameters of maps treated in intelligent transport
systems like EMERGE. In more detail, SUMO (Simulation of Urban Mobility) is open-source
traffic simulation software developed for the modeling and analysis of urban mobility
and transportation systems. It provides a comprehensive platform for simulating various
aspects of traffic flow within urban environments and, thus, is considered a valuable
tool for researchers and practitioners in the field of transportation engineering to test
algorithms in a simulated realistic environment. In particular, the main purpose for which
researchers/practitioners use SUMO is to investigate and analyze traffic flow dynamics,
test new algorithms, and develop intelligent transportation systems. Specifically, the
tool provides a virtual environment for experimenting with different strategies before
implementing them in the real world. SUMO enables users to simulate the movement of
vehicles, pedestrians, and other entities within a virtual urban environment. The simulation
takes into account factors such as vehicle speed, acceleration, deceleration, and interactions
with other road users. Users can model and define the road network, including intersections,
traffic lights, and other infrastructure elements. This allows for the accurate representation
of complex urban traffic scenarios.

The tool supports the modeling of various traffic control systems, including traffic
signals, priority rules, and right-of-way policies. This makes it suitable for studying the
impact of different traffic management strategies on the overall system performance. More-
over, it allows users to create and define specific traffic scenarios, considering factors like
traffic density, road types, and user behaviors. This flexibility is essential for conducting
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experiments and evaluating the performance of transportation systems under different
conditions. The software supports various file formats, making it compatible and interoper-
able with other simulation tools and data sources. This makes SUMO suited for integration
into larger transportation modeling frameworks.

After preprocessing, the CARF instantiates the model of the optimization problem
on graphs, as shown in Figure 12, according to the input data (see Figure 13), and then
exploits a routine offered by OR-Tools to find a solution to the obtained instance of the
problem. The output is a sequence of users’ locations for each vehicle. To transform each
sequence into a route, a subroutine is called on a dataset representing the road map to
find the shortest path for each pair of consecutive users’ locations in the sequence. The
concatenation of all the shortest paths for a given vehicle forms the route that the vehicle
has to follow. The subroutine to find the shortest paths implements a customization of the
well-known Dijkstra’s algorithm. Finally, the routes are transmitted, properly encoded, to
the OBUs of the vehicles, where they are displayed by means of an HCI (Human—Computer
Interface), along with the positions of the users and of other vehicles in the fleet.

Clearly, the CARF module (in the cloud), the SUMO tool (on MEC), and the HClISs (in the
vehicles) have to exchange data. At the service level, this coordination is implemented by a
broker system consisting of modules running on all the computers in the EMERGE system. The
broker system provides channels to which other running software modules can subscribe to
push or read messages. Then, there are channels to share the positions of the vehicles in the
fleet, to manage customer sequences, to send routes, and so on.

During the regular operational scenario, as highlighted at the beginning of this section,
the EMERGE system collects data via V2X (terrestrial and/or satellite links) from the
vehicles and sends it via the broker system to all the affected parts. In particular, EGC
stores data about the users’ locations visited by vehicles in the fleet. If available, the system
aggregates data about the traffic provided by third parties. Collected data are processed
by a module that executes estimation/Al algorithms to detect congestion events on road
segments of the assigned routes. The details of these algorithms are omitted since they are
out of the scope of this paper; we refer the reader to [53-55] for relevant examples. When
such an event is detected, an alert message is sent to EGC via the broker system. EGC, as
described above, evaluates whether a reoptimization of the routes is necessary.

Whenever the routes have to be updated due to modifications of the status of the
network, EGC reads the position of each vehicle in the fleet and re-arranges a new instance
of the pickup and delivery with time windows model by incorporating the occurred
changes into the initial model. In particular, in this case, a new complete graph is built
with as many vertices as current vehicle positions, and without considering a depot vertex.
Other vertices in the graph are the locations of users not yet visited. Distances between
vehicles and users’ locations are computed from scratch with the Dijkstra’s algorithm
implementation of the SUMO module. New routes are then distributed to the vehicles via
the broker system.

4.3. System Validation

All mentioned software components of the system (CARF, MEC, EGC, OBUs) have
been validated separately. At the time of writing this article, the validation of the whole
prototype of the EMERGE system is underway. As the number of smart vehicles available to
the system is still limited to a few units, a simulation module—SIM—has been introduced to
simulate the operations performed by some vehicles in the fleet, to report in the simulation
the position of real vehicles in the fleet, and to simulate other vehicles that are not part of
the EMERGE system but influence the traffic on the roads of the areas. The SIM module
exchanges data with all other modules via the broker in order to simulate the behavior
of all vehicles in the fleet in following their routes to visit customers. The simulation was
executed by running an instance of the SUMO tool, directly controlled by the SIM. When
a reoptimization of the routes is necessary, the SIM receives all the new routes for the
simulated vehicles and, consequently, runs the SUMO simulation.
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Under this setting, several experiments were conducted in the metropolitan area of the
city of L’Aquila (Italy). The performance of the system was measured for a fleet of vehicles
of varying size (between 3 and 20 units) with respect to several parameters (e.g., time for
executing necessary routines and data collection, quality of computed routes with respect
to optimization criteria, number of users’ locations that were correctly visited in various
scenarios). Preliminary results show that the execution time necessary for the CARF during
the vehicle task planning phase varies from a few milliseconds to less than 3.3 s when the
number of users’ locations to schedule ranges in the interval from 15 to 200 (see Figure 14
for data for a fleet of 15 vehicles). On top of the above, computed routes were observed
to be satisfactory in terms of quality, with all prescribed user locations being successfully
visited within the required time windows and with a reasonably low total makespan in all
tested input instances. This is considered acceptable for the requirements of the EMERGE
initiative. Similar times and quality of routes were observed in cases of reoptimization.
Moreover, the execution times and the quality of routes were only marginally influenced
by the number of vehicles forming the fleet until the fleet remained limited to a few tens of
units. However, should the number of vehicles or users” locations increase, we expect that
the quality of computed solutions might worsen, particularly when the routine offered by
OR-Tools is forced to return the best solution that can be found within a limited interval of
time. This is not surprising since the problem is NP-hard. Nonetheless, a more rigorous
evaluation of the performance of the system is necessary and is currently being performed
to consolidate preliminary empirical observations.
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Figure 14. The execution time in seconds to compute a solution to the pickup and delivery multi-
vehicle problem with time windows for a fleet of 15 vehicles. This figure and the one following it
refer to sets of 40, 80,200,400, and 800 customers.

Observe that, to compute the complete directed graph G with distances between
customers’ locations (as described in Section 4.2), an off-line implementation of Dijkstra’s
algorithm is used. In Figure 15, we show the execution times taken to compute the shortest
paths for all pairs of customers’ locations. Execution times range from a few seconds to
less than 1.5 min when the number of users’ locations to schedule ranges in the interval
from 15 to 200. For a larger number of customers, execution times increase significantly,
reaching values of around half an hour for 800 customers. However, this does not represent
a bottleneck since this kind of computation is executed only once; hence, it does not affect
the normal operating scenario of the system. Moreover, more refined techniques for solving
all pairs of shortest-path problems are available in the literature and will be considered in
future releases of the system.
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Figure 15. The execution time in seconds (on the y axis) to compute the shortest paths between all
pairs of customers with Dijkstra’s algorithm as a function of the number #Customers of customers
(on the x axis).

5. Conclusions and Future Work

In this paper, we have presented a study on computational challenges and implemen-
tation issues arising in real-world systems of semi-autonomous vehicles. We have described
the main features of a real-world information system employing semi-autonomous con-
nected vehicles that was designed and deployed and is currently under test in the city
of L’ Aquila (Italy) within the broader EMERGE initiative, a smart mobility and commu-
nications project to develop technologies for autonomous and assisted driving systems.
We have given a thorough overview of computational problems that often emerge in the
considered application domain and a systematic survey of the most relevant known algo-
rithmic results for pickup and delivery problems. We have showcased implementation,
deployment, and testing efforts related the algorithmic components of the mentioned real-
world system that takes care of computing solutions to instances of the pickup and delivery
multi-vehicle problem with time windows that arise in such system. Concerning possible
future investigation following this work, perhaps the most interesting one is that dedicated
to adapting the system to handle entirely dynamic scenarios and to exploit cooperation
among vehicles to perform more refined strategies of reoptimization (see, e.g., policies for
task re-allocation that have been studied for systems of agents [2]).
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