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Preface

The volumes CCIS 1981 and 1982 contains the refereed proceedings of the III Inter-
national Conference on Optimization, Learning Algorithms and Applications (OL2A
2023), a hybrid event held on September 27–29.

OL2A provided a space for the research community in optimization and learning
to get together and share the latest developments, trends and techniques as well as
develop new paths and collaborations. OL2A had the participation of more than four
hundred participants in an online and face-to-face environment throughout three days,
discussing topics associated with areas such as optimization and learning and state-of-
the-art applications related to multi-objective optimization, optimization for machine
learning, robotics, health informatics, data analysis, optimization and learning under
uncertainty and 4th industrial revolution.

Six special sessions were organized under the topics Learning Algorithms in Engi-
neering Education, Optimization in the SDG context, Optimization in Control Systems
Design, Computer Vision Based on Learning Algorithms, Machine Learning and AI in
Robotics and Machine Learning and Data Analysis in Internet of Things. The event had
66 accepted papers. All papers were carefully reviewed and selected from 172 submis-
sions. All the reviews were carefully carried out by a scientific committee of 115 PhD
researchers from 23 countries.

The OL2A 2023 volume editors,
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Josip Musić University of Split, Croatia
Juan A. Méndez Pérez University of Laguna, Spain
Juan Alberto García Esteban University de Salamanca, Spain
Júlio Cesar Nievola Pontifícia Universidade Católica do Paraná, Brazil
Kristina Sutiene Kaunas University of Technology, Lithuania
Laura Belli University of Parma, Italy
Lidia Sánchez University of León, Spain
Lino Costa University of Minho, Portugal
Luca Davoli University of Parma, Italy
Luca Oneto University of Genoa, Italy
Luca Spalazzi Marche Polytechnical University, Italy
Luis Antonio De Santa-Eulalia Université de Sherbrooke, Canada
Luís Coelho Polytechnic Institute of Porto, Portugal
M. Fátima Pacheco Polytechnic Institute of Bragança, Portugal
Mahmood Reza Khabbazi University West, Sweden
Manuel Castejón Limas University of León, Spain
Marc Jungers Université de Lorraine, France
Marco Aurélio Wehrmeister Federal University of Technology – Paraná, Brazil
Marek Nowakowski Military Institute of Armoured and Automotive

Technology in Sulejowek, Poland
Maria do Rosário de Pinho University of Porto, Portugal
Martin Hering-Bertram Hochschule Bremen, Germany
Matthias Funk University of the Azores, Portugal
Mattias Bennulf University West, Sweden
Michał Podpora Opole University of Technology, Poland
Miguel Ángel Prada University of León, Spain
Mikulas Huba Slovak University of Technology in Bratislava,

Slovakia
Milena Pinto Federal Center of Technological Education Celso

Suckow da Fonseca, Brazil
Miroslav Kulich Czech Technical University Prague, Czech

Republic
Nicolae Cleju Technical University of Iasi, Romania



x Organization

Paulo Alves Polytechnic Institute of Bragança, Portugal
Paulo Leitão Polytechnic Institute of Bragança, Portugal
Paulo Lopes dos Santos University of Porto, Portugal
Paulo Medeiros University of the Azores, Portugal
Paulo Moura Oliveira University of Trás-os-Montes and Alto Douro,

Portugal
Pavel Pakshin Nizhny Novgorod State Tech University, Russia
Pedro Luiz de Paula Filho Federal Technological University – Paraná, Brazil
Pedro Miguel Rodrigues Catholic University of Portugal, Portugal
Pedro Morais Polytechnic Institute of Cávado e Ave, Portugal
Pedro Pinto Polytechnic Institute of Viana do Castelo,

Portugal
Roberto Molina de Souza Federal University of Technology – Paraná, Brazil
Rui Pedro Lopes Polytechnic Institute of Bragança, Portugal
Sabrina Šuman Polytechnic of Rijeka, Croatia
Sancho Salcedo Sanz Alcalá University, Spain
Sandro Dias Federal Center for Technological Education of

Minas Gerais, Brazil
Sani Rutz da Silva Federal Technological University – Paraná, Brazil
Santiago Torres Álvarez University of Laguna, Spain
Sara Paiva Polytechnic Institute of Viana do Castelo,

Portugal
Shridhar Devamane Global Academy of Technology, India
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Time-Dependency of Guided Local Search
to Solve the Capacitated Vehicle Routing

Problem with Time Windows

Adriano S. Silva1,2,3,4,5(B) , José Lima1,3 , Adrián M. T. Silva4,5 ,
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Abstract. Research have been driven by the increased demand for
delivery and pick-up services to develop new formulations and algo-
rithms for solving Vehicle Routing Problems (VRP). The main objective
is to create algorithms that can identify paths considering execution time
in real-world scenarios. This study focused on using the Guided Local
Search (GLS) metaheuristic available in OR-Tools to solve the Capaci-
tated Vehicle Routing Problem with Time Windows using the Solomons
instances. The execution time was used as a stop criterion, with short
runs ranging from 1 to 10 s and a long run of 360 s for comparison. The
results showed that the GLS metaheuristic from OR-Tools is applicable
for achieving high performance in finding the shortest path and opti-
mizing routes within constrained execution times. It outperformed the
best-known solutions from the literature in longer execution times and
even provided a close-to-optimal solution within 10 s. These findings sug-
gest the potential application of this tool for dynamic VRP scenarios that
require faster algorithms.

Keywords: VVRP · Metaheuristic · Scheduling Problems

1 Introduction

One of the century’s biggest challenges is global warming, which is now a mat-
ter of reaching public authorities and mobilizing nongovernmental organizations
c⃝ The Author(s) 2024
A. I. Pereira et al. (Eds.): OL2A 2023, CCIS 1981, pp. 93–108, 2024.
https://doi.org/10.1007/978-3-031-53025-8 7
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worldwide. The emission of greenhouse gases is one of the main responsible of the
environmental issue. In this regard, the logistics sector must find the smartest
solutions to move goods around sustainably. The transportation sector accounts
for about 21% of greenhouse gas emissions, emphasizing the urgent need to
optimize transportation tasks. Aligned with the environmental need to decrease
gas emissions from this activity, there is an increasing demand for more efficient
transportation services. According to most updated surveys, e-commerce is grow-
ing significantly, requiring delivery services to ship goods purchased online [1].
Increasing demand for this service will also affect the number of trucks travelling
on the road, overcoming more emissions. The example mentioned here is only
one from a variety of services depending on transportation, and services of this
kind will probably increase over the years due to economic development [2]. For
almost 70 years, researchers have been studying route optimization to solve a
wide range of problems, creating the class of Vehicle Routing Problems (VRP).

Several formulations were created and studied through the years, each
attempting to reach similarities with real-life problems [3,4]. The capacity and
time constraints are the most explored in the literature, with several algorithms
developed to optimize routes so vehicles can provide services [5]. The Capac-
itated Vehicle Routing Problem with Time Windows (CVRPTW) is the most
known formulation that approaches time and capacity as constraints [6]. At first,
the objective of the problems was solely focused on reducing distances to save
resources. However, in the current scenario, the objective is to consider the envi-
ronmental impacts of vehicle emissions during the trips [7]. This consideration,
at first, is not hard to implement, considering that both cost and emission will be
reduced by shortening travelled distances. On the other hand, in problems where
time windows are flexible and can be changed, one can choose the proper time
window to provide a determined service based on the traffic [8]. For instance, if
the vehicle needs to visit the city centre, the responsibility for decision-making
regarding the time window to perform this visit can avoid travelling in hours
of traffic, avoiding higher carbon emissions [9]. More sophisticated formulations
include a deeper analysis of roads and traffic, considering travelling speed and
real-time information on traffic to plan the routes more sustainably [10]. Despite
the strong literature on this topic, several authors consider static formulations.
Considering the increased competitiveness in the sector and the stochastic nature
of demands for transports, the development of dynamic formulations represents
the unavoidable end [11]. For this purpose, developing faster algorithms to find
the shortest path is required, which is often neglected in most works devoted to
route optimization [12].

Therefore, in this work, the Guided Local Search metaheuristic available in
OR-Tools was tested to solve the Capacitated Vehicle Routing Problem with
Time Windows to find optimal distances ensuring feasible execution time. To
perform this evaluation, data available in Solomons instances of the CVRPTW
were used. The stop criterion was based on execution time since this is the most
important parameter considering dynamic operations. The performance of GLS
to solve the instances was measured in execution times ranging from 1 to 10 s to
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evaluate the best execution time to find the best route. The rest of the paper is
organized as follows: Sect. 2 brings relevant literature for this topic, Sect. 3 shows
the methodology considered to perform this study, Sect. 4 brings the numerical
results obtained, and Sect. 5 brings the conclusions and future work.

2 Related Literature

The most updated literature regarding the development of algorithms to solve
the Capacitated Vehicle Routing Problem was gathered upon search in the Web
of Science and Scopus database using the keyword “Vehicle Routing Problem”.
Figure 1 shows the evolution of the most relevant author’s keywords found in
both databases from 2014 to 2022.

Fig. 1. Authors keywords evolution from 1992 to 2022

The analysis of the most relevant keywords among the published studies
reveals a sharp increase devoted to algorithms development since 2004, with
Genetic Algorithms dominating the scenario. Regarding the formulation, time
windows appear amongst the most relevant keywords in the field, demonstrating
the relevance of this constraint in VRP. In the next sections, the most updated
literature regarding the algorithms used to solve the CVRPTW and the scenarios
in which the formulation was applied will be discussed in more detail.

2.1 Capacitated Vehicle Routing Problem with Time Windows
Formulations

Vehicle Routing Problems (VRP) consist of a class of problems devoted to find-
ing the optimal route for a fleet of trucks to serve a determined set of cus-
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tomers. The VRP is the most important problem in delivering or picking up
goods and services. Several formulations arose in the last decades from the need
to develop problems mimicking real transportation problems. The formulations
often attempt to cover actual complications from the real system, which depends
on the quality of the service required, customer characteristics, and goods being
transported [13]. The most typical complications approached are the vehicles per-
forming multiple routes, the capacities, and the customers accepting the deliv-
ery in a specified time window. The simplest formulation is the Capacitated
Vehicle Routing Problem (CVRP). A set of trucks at the central depot needs
optimal paths to service customers with known demands [14]. Another formula-
tion commonly considered in the literature is the Vehicle Routing Problem with
Time Windows which considers the time window for a determined customer in
route planning. In some cases, the authors dealing with VRPTW also consider
the capacity constraints in their formulation without identifying in the problem
name the word “capacitated”, which can be conflicting. In other words, some
VRPTW formulations are, in fact, Capacitated Vehicle Routing Problem with
Time Windows (CVRPTW).

The CVRPTW is considered a distribution management problem that can be
used to model many real-life transportation problems. The pioneer formulation
specified that the problem was related to designing a set of minimum-cost vehicle
routes for a fleet of trucks that serves customers with known demands. Each cus-
tomer must be served only once without exceeding the vehicles’ capacities under
allowable delivery times [15]. In 1987, Solomon [16] introduced in the literature a
set of VRPTW problems to be used as benchmarks by other authors developing
optimization algorithms for CVRPTW, which contributed significantly to the
progress in this field. The 6 instances were generated randomly (R1 and R2),
clustered (C1 and C2), and semi-clustered (RC1 and RC2). The semi-clustered
nomenclature was used to illustrate a dataset that contains a mix of randomly
and clustered generated data. Up to date, the authors are devoted to increasing
the complexity of the VRPTW by considering other constraints to increase the
similarity of the problem with real scenarios. The most reported applications
include (but are not limited to) industrial or municipal refuse collection [17],
just-in-time delivery [18], school bus routing [19], and postal deliveries [20].

For instance, Masmoudi et al. [17] have proposed an extension of the tra-
ditional CVRPTW by studying the utilization of plug-in hybrid electric vehi-
cles powered by two different power sources (electricity and compressed natural
gas). Their model approached the realistic fuel consumption of the truck during
the route, considering multiple load-outs to be used in other routes. For school
bus routing, Hasan et al. [19] have considered the design of another variant of
CVRPTW. In their problem, School Bus Routing Problem (SBRP), the authors
have considered optimizing transportation costs by minimizing the fleet of vehi-
cles and time spent to complete the task. In their approach, the authors have
considered a decision variable related to the student’s presence at the bus stop,
so the bus will only perform a stop if the student reaches the spot at the correct
time. Regarding just-in-time delivery, Nishi et al. [18] have proposed the design
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of a problem formulation to solve the conflict-free route planning for automated
vehicles used in just-in-time delivery to minimize delays or earliness in the total
completion time. In their problem, the vehicle can idle at the nodes waiting for
the dispatching confirmation of the next delivery task to arrive in the stipulated
time window. The time-space in their problem is dynamic, meaning the pickup
and delivery tasks are dynamically scheduled. Sitek et al. [20] have proposed a
CVRPTW with alternative pick-up, delivery, and time windows for postal deliv-
ery services. The problem was formulated by combining VRP variants such as
the CVRP, VRPTW, and Vehicle Routing Problem with Pickup and Delivery
(VRPPD). The difference in their approach is the introduction of alternative
delivery points and parcel lockers incorporated into the distribution network.

2.2 Optimization Algorithms

Many decision problems in business, economics and logistics are too difficult to
be solved by exact methods within a reasonable amount of time. Nonetheless, in
cases where simply obtaining a feasible solution is not satisfactory, one should
investigate procedures and strategies to obtain the best possible solution using
exact methods. However, in most cases, the high number of customers considered
in CVRPTW, added to the complexity of real-life data, does not allow for solving
the problem with exact methods. In this scenario, heuristic and metaheuristic
algorithms emerge as tools to find feasible solutions within a reasonable execution
time. Both metaheuristic and heuristic algorithms can return feasible solutions
but are not necessarily optimal [21].

The exact methods reported in the literature to solve the CVRPTW
can be divided into column generation, dynamic programming, and Lagrange
relaxation-based methods. These methods perform poorly in solving the VRP
class of problems due to the execution time, which can take days to find a
moderately decent solution. Authors dealing with exact methods often explore
alternatives to decrease the execution time by adapting the space-time of the
algorithm or exploring acceleration techniques to reinforce the algorithm’s per-
formance. For instance, Yang et al. [22] presented an augmented Lagrangian algo-
rithm to solve the VRP with mixed backhauls and time windows (VRPMBTW).
Their experiments based on a 9-node simple network and real-world Chicago
sketch network demonstrated that their algorithm performs better than linear
Lagrangian relaxation models, with lower conversion times. Regarding the col-
umn generation method, Fahram et al. [23] showed a column generation app-
roach to solve the location-routing problem with time windows (LRPTW). Their
branch-and-price algorithm performance was reinforced with acceleration tech-
niques and a heuristic approach. Their results demonstrated that column gener-
ation acceleration and stabilization combined with a two-stage heuristic based
on the problem characteristics can improve significantly the results for bigger
instances. Regarding dynamic programming, Kok et al. [24] proposed an algo-
rithm to solve the CVRPTW considering the legislation rules for drivers working
hours. The authors proposed a methodology to include the break scheduling for
drivers without increasing the algorithm’s time complexity. Their computational
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solutions overcame the benchmark instances with 18% fewer vehicles and 5%
fewer travel distances.

The utilization of non-exact algorithms is far more active than exact algo-
rithms in the literature. In this regard, several heuristic algorithms have been
reported to solve the CVRPTW and variants in the last few years. The formal
definition states that heuristic is a technique that seeks good solutions (near
optimal) with a reasonable computational cost without being able to guaran-
tee optimal or how close to optimal the solution is. Heuristic algorithms are
often developed to solve specific problems and cannot be used to solve other
problems [25]. The heuristic algorithms used to solve the CVRPTW can be
classified as route-building and route-improving algorithms depending on the
mechanism considered to achieve the solution. Route-building heuristics oper-
ate by assembling the route from scratch, whereas route-improving heuristics
produce an improved solution using an existing solution. The first class of algo-
rithms was more explored in the past by modifications in savings heuristics and
insertion heuristics. Nowadays, route-improving heuristics are mainly used due
to the more expressed optimization achieved via this strategy. For instance, Tas
et al. [26] presented one heuristic for solving the VRP with Flexible Time Win-
dows (VRPFlexTW). Their algorithm operates in three instances, starting with
the generation of a feasible solution, going to the solution improvement using
the Tabu Search algorithm, and finishing with the scheduling of the proposed
solution.

The last class of algorithms is metaheuristics, considered power techniques
that can be applied to various problems. This is the algorithms class currently
used to solve different formulations of CVRPTW. Algorithms in this class are
known for their capacity to guide and modify the operations of subordinated
heuristics by combining the concepts of exploring and exploiting the search space.
A random solution is generated to initiate the algorithms and then subjected
to modifications through exploit and explore operations until the stop condition
is met. Ant Colony Optimization (ACO), Particle Swarm Optimization (PSO),
Genetic Algorithm (GA), Simulated Annealing (SA), and Tabu Search (TS) are
examples of algorithms reported in the literature. Kaabachi et al. [27] developed
an improved ACO algorithm to solve the multi-depot CVRPTW considering the
vehicle’s speed to minimize fuel consumption. Their IACO overcame the regular
ACO by improving the method to generate the first solution. Marinakis et al. [28]
has presented a new variant of the PSO algorithm to solve the CVRPTW by
exploring different adaptative strategies to evaluate performance improvement.
The algorithm has one strategy for initialization (Greedy Randomized Adapta-
tive Search Procedure), movement of the particles from one solution to another
(Adaptative Combinatorial Neighborhood Topology), and another adaptative
procedure to calculate the parameter of the PSO. The tests performed with
benchmarks from the literature revealed that their algorithm is one of the best-
performing algorithms to solve the CVRPTW.
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2.3 Stochastic and Dynamic Scenarios

The literature is enriched with diverse formulations that are far more complex
than the first formulation of the CVRPTW presented decades ago. In addition,
the algorithms reported in the literature address previously reported weaknesses
and drawbacks pointed out by other authors. The advance in formulations and
solutions proposed in the literature is clearly increasing the attention of com-
panies dealing with the transportation sector to the potential optimization of
services provision.

Despite the quality and number of works published, formulations and algo-
rithms are developed considering the problem in a static scenario. In this app-
roach, the information required to run the optimization algorithm is known
before the execution, and routes obtained in the optimization procedure are
scheduled. Considering the dynamic nature of real transportation operations,
the formulations and algorithms need to be explored in a more dynamic sce-
nario in which not all information is known before the execution (i.e. routes may
change during the execution).

Authors dealing with dynamic formulations of VRP have reported that the
algorithm’s performance is unaffected by the paradigm shift between static and
dynamic scenarios. In other words, the best algorithms in static scenarios will
perform similarly in dynamic runs. This can be explained by the fact that altering
the formulation from static to dynamic does not affect the algorithm’s search
mechanism but changes how the algorithm is triggered to find the optimal path.
In a typical dynamic test, the algorithm would be responsible for planning the
route during truck stops, requiring faster algorithms since truck stops might take
less than one minute.

The threats are related to premature utilization of the algorithms in real-life
scenarios. Before advancing towards applying the algorithm for a particular case,
there is the need to increase the complexity of the simulated scenario considered
to run the experiments, trying to cover as much as possible the adversities.
Another aspect that should be considered is the accessibility of the proposed
solution for the final users. In other words, the algorithm proposed should be
able to run dynamically considering the most generic input to finding the solution
(i.e. distance matrix and time-windows matrix, for example).

3 Methodology

This work aims to explore the influence of the algorithm’s execution time in
the performance of GLS, the finest metaheuristic available in OR-Tools, to solve
the Solomons instances of CVRPTW. Most studies in the literature deal with
algorithm development and tuning to achieve optimized paths, considering static
scenarios. However, the future and dynamic formulations of route optimization
problems will demand faster algorithms. In this scenario, the influence of the
execution time on the algorithm’s performance will be important to determine
the most feasible execution time to optimize routes. The instances used here
to perform the study, from Solomons [16], are widely studied in the literature
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and comprised of 6 instances divided into randomly generated sets (R1 and R2),
clustered sets (C1 and C2), and finally, semi-clustered sets (RC1 and RC2). Sets
R1, C1 and RC1 have a limited scheduling horizon and can only accommodate a
small number of customers per route (approximately 5 to 10). On the other hand,
sets R2, C2 and RC2 have a longer scheduling horizon and can accommodate
more customers with the same vehicle (over 30). The number of vehicles ascribed
to perform the paths is not fixed in all datasets.

To evaluate the influence of the execution time on the algorithm’s perfor-
mance, we explored execution times from 1 to 10 s. Another long run of 6min
was also performed to evaluate the long-term solution achieved with the algo-
rithm and compare the result with the distances obtained in short runs. The
algorithm was also designed to search for the optimized path based on the dis-
tance travelled and the minimum number of trucks to execute the paths. The set
of solutions obtained for all datasets studied was further gathered and processed
to identify patterns and compare the algorithm’s performance according to the
execution time. Figure 2 brings the overview of the work performed.

Fig. 2. Representation of the study performed.

3.1 Mathematical Formulation of the CVRPTW

The CVRPTW is one of the most important formulations of VRP problems,
being recognized as a basic distribution management problem that can be used
to model many real-world problems in the logistics field. In brief, the problem can
be summarized as designing a set of minimum-cost routes for a fleet of trucks
to perform the delivery or pick-up services to a set of customers with known
demands and time windows to receive the visit. The customers must be assigned
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once, and only once, to a determined vehicle without exceeding the vehicle’s
capacity and respecting the customer’s time windows.

The mathematical formulation of CVRPTW states that the problem is rep-
resented by a directed graph G = (V,C), in which the fleet of homogeneous
vehicles is denoted by V = {1, 2, . . . , k} and the set of customers is denoted
by C. The graph has |C| + 1 vertices, where the central depot is represented
by the vertex 0 (trucks depart and arrive at this site), and the customers are
denoted 1, 2, 3, ..., n. The CVRPTW is comprised of multiple objectives, such as
minimizing total travel time, the number of vehicles used to perform the task,
and total travel distance. The set of edges N represents the connection between
the central depot and the customers and is denoted by A. All edges begin and
terminate in vertex 0 at the central depot. Each edge (i, j) is associated with a
cost cij and a time tij that can include the service time at customer i, where
i ̸= j. The vehicles have limited capacity Q, the customers have demanded di,
and they need to be visited within the timestamp defined by the time window
[ai, bi]. The vehicle must arrive at the customer before bi and after ai. However,
in the latter case, the vehicle needs to wait until ai to execute the service. The
central depot also has a time window [a0, b0], and the vehicles must not leave
the central depot before a0 nor arrive after b0.

The parameters Q, ai, bi, di, ci,j are non-negative integers, whereas the
parameter tij is assumed to be positive integers. It is assumed that both cij
and tij satisfy the triangular inequality. The formulation contains two sets of
decision variables xijk and yijk. For each arc (i, j), where i ̸= 0, j ̸= 0, i ̸= j,
each vehicle k we define as xijk = 1, if and only if the arc (i, j) is traversed by
vehicle k in the optimal solution. The variable will assume null value (xijk = 0)
otherwise. The other decision variable, yijk, is defined for each vehicle k and
each vertex i, and represents the time vehicle k starts the service for customer i.
If the vehicle k does not start the service to the customer i, the decision variable
yijk does not mean anything. Considering that a0 = 0 for all trucks we assume
that yijk = 0, for all k. The goal of the problem is to design a set of routes,
one for each vehicle so that each customer is visited only once. All routes should
begin and end at the central depot (vertex 0), and time windows and capacity
constraints are respected. In this regard, the mathematical formulation, based
on the literature of the CVRPTW [29], is the one that follows:

Minimize
∑

k∈V

∑

i∈N

∑

j∈N

cijxijk (1)

Subject to:
∑

i∈C

di
∑

j∈N

xijk ≤ Q,∀k ∈ V (2)

∑

k∈V

∑

j∈N

xijk = 1,∀i ∈ C (3)

∑

j∈N

x0jk = 1,∀k ∈ V (4)
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∑

i∈N

xi0k = 1,∀k ∈ V (5)

∑

i∈N

xihk −
∑

j∈N

xhjk = 0,∀h ∈ C,∀k ∈ V (6)

ai ≤ yik ≤ bj ,∀i ∈ N,∀k ∈ V (7)
yik + tij − K(1 − xijk) ≤ yjk,∀i, j ∈ N,∀k ∈ V (8)
xijk ∈ {0, 1},∀i, j ∈ N,∀k ∈ V (9)

The constraint 2 states that vehicles cannot carry more load than their capac-
ity, and constraint 3 guarantees that each customer is visited exactly once. The
next three constraints 4, 5, and 6 are related to the continuity of the route, ensur-
ing that each vehicle leaves the central depot, and leaves again after performing
the service to a determined customer, and arrives back at the central depot.
Constraint 7 ensures that time windows are respected, and constraint 8 states
that a vehicle traversing from i to j cannot arrive at j before yijk + tij . Finally,
constraints 9 are the integrality constraints for the decision variable xijk.

4 Numerical Results

The numerical results obtained for solving the Solomon instances of the
CVRPTW using the GLS metaheuristic available in OR-Tools will be discussed
in this section. The main goal is to assess the impact on the algorithm’s per-
formance upon increasing the execution time to feasible levels. It is important
to highlight that the tests performed in this study are important for the devel-
opment of faster algorithms required for real-life dynamic applications of VRP.
In this scenario, the execution time should be as lower as possible, still keeping
the performance of the algorithm acceptable. The short runs (execution times
from 1 to 10 s) were compared to the results obtained in a long run of 6min to
evaluate how good the fast solutions are compared to time-expensive solutions.

4.1 Optimal Distances

The Solomon instances considered for this work are the most famous dataset
for testing algorithms to solve the CVRPTW. In total, there are 6 big datasets
comprised of 9 (C1), 8 (C2), 12 (RC1), 8 (RC1), and 8 (RC2) sub-datasets to be
studied. For all sets, the GLS performance to solve the CVRPTW was evaluated
by increasing the execution time. To facilitate the representation of the results,
the average distance found for each dataset will be reported, such as performed
by other authors. Figure 3 brings an overview of the best solution found in this
work compared to other solutions reported in the literature using metaheuristic
algorithms. The comparison was performed with the works from Rochat and
Taillard ([30], RT), Taillard et al. ([31], TB), Chiang and Russel ([32], CR),
Potvin and Bengio ([33], PB), and Thangia et al. ([34], TH).
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Fig. 3. Results obtained and compared to the literature for instances (a) C1, (b) C2,
(c) R1, (d) R2, (e) RC1, and (f) RC2. The interval in X-axis is not proportional to the
actual interval.

The results showed that for instances C1, C2, R2, and RC2 the GLS meta-
heuristic available in OR-Tools was able to overcome the best reported in the
literature. Even for instances R1 and RC1, the algorithm used in the present
study was able to overcome the results obtained by 2 other authors [32,33].
Considering the sum of the best solutions achieved by each algorithm reveals
that GLS has the second best performance compared to literature, losing only
to the algorithm used by authors in RT [30] (6085.44 d.u. from RT vs 6089.97
d.u. using GLS). The minimum number of trucks found in this work was the
same as reported in the literature, 10 for C1, 3 for C2, 12 for R1, 3 for R2,
12 for RC1, and 3 for RC2. Despite the routes being assembled considering the
same number of vehicles, the difference in distance observed here is related to
the route assembly process that is able to find the shortest paths compared to
the literature.
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4.2 Execution Time as a Key Parameter for the Best Solution

For most sets evaluated in this study, the solution found in the long run was
better than the results obtained in the short run. This result is related to the
operation mechanism of the algorithm, which is able to easily escape local min-
ima by increasing the execution time. On the other hand, it is important to
evaluate the feasibility of increasing the execution time to improve the solution,
considering the future application demanding faster algorithms. Figure 4 sum-
marizes route optimization results achieved by increasing the execution time
from 1 to 10 s and the long run.

Fig. 4. Shortest distance obtained using GLS changing execution time for instances (a)
C1, (b) C2, (c) R1, (d) R2, (e) RC1, (f) RC2. The interval in X-axis is not proportional
to the actual interval.
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The results demonstrate how powerful execution time increase can be to
improve the route optimization results, allowing to achieve higher resource sav-
ings in delivery or pick-up services. It is important to highlight that distance
shortening obtained with increased execution time is not linear. In other words,
the resource savings achieved upon a determined execution time increase might
not be efficient or feasible. For instance, despite the better results obtained in
the long run, utilizing this approach for real scenarios would not be possible due
to the delayed time to execute the algorithm. The numerical results also show
that the algorithm has higher difficulty to improve distance shortening for sets
C1, R1, and RC1 compared to the other sets, which is related to the smaller
time windows in the first class of sets. Nonetheless, the optimization obtained
by increasing the execution time from 1 to 10 s is more noticeable compared to
increasing the execution time from 10 to 360 s.

The results obtained for the experiment also reveal a versatile behavior of the
GLS algorithm, that is able to return satisfying solutions in terms of distance
shortening in long runs, but also significant optimization with faster execution
time. In other words, if one is more interested in distance savings, no matter
the execution time the algorithm could be used with larger execution times.
In contrast, aiming for dynamic scenarios and the need for faster algorithms,
the GLS could also be used with an execution time of 10 s to return the most
efficient solutions, accounting for both distance shortening and fast execution
time. It is complicated to compare the algorithm in terms of execution time with
the literature due to the lack of information regarding this particular aspect in
published studies dealing with the CVRPTW solution. Most authors devoted
to the development of algorithms for this purpose are more worried about the
capacity of their algorithm to beat others reported in the literature and do not
discuss and evaluate aspects to increase the potential feasibility of their solution
for real scenarios.

5 Conclusions and Future Work

The GLS metaheuristic available in OR-Tools was able to return better solutions
compared to the literature for almost all Solomons instances in the long run.
Furthermore, the tests performed for short runs, with execution times lower
than 10 s, revealed that increasing the execution time from 1 to 10 s returns
significant savings in distance travelled. In this scenario, the utilization of this
tool in a dynamic scenario would not be hindered by the execution time, since
the algorithm is able to return satisfying solutions within 10 s of execution time.
Moreover, the algorithm has also proven its performance in finding the shortest
path with increased execution time used in the long run.

For future studies, the evaluation of other metaheuristic algorithms available
in OR-Tools, such as SA and TS, will be performed. For instance, other studies
already reported that GLS is the finest metaheuristic in OR-Tools, but in that
case, CVRP was approached. In addition, the dependency in distance short-
ening upon increasing the algorithm’s execution time will be compared to the
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time windows and capacities from each Solomons instance to observe the corre-
lations that could be important in real scenarios. Once the relevant parameters
are accounted for, the algorithm will be tested using a realistic dataset from a
scenario that could be approached by CVRPTW: the waste collection task.
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8. Çimen, M., Soysal, M.: Time-dependent green vehicle routing problem with
stochastic vehicle speeds: an approximate dynamic programming algorithm.
Transp. Res. Part D: Transp. Environ. 54, 82–98 (2017)

9. Cokyasar, T., Subramanyam, A., Larson, J., Stinson, M., Sahin, O.: Time-
constrained capacitated vehicle routing problem in urban e-commerce delivery.
Transp. Res. Rec. 2677(2), 190–203 (2023)

10. UCT in capacitated vehicle routing problem with traffic jams. Inf. Sci. 406–407,
42–56 (2017)

11. Real-time collaborative feeder vehicle routing problem with flexible time windows.
Swarm Evolution. Comput. 75, 101201 (2022)



Time-Dependency of GLS to Solve the CVRPTW 107

12. Silva, A.S., Lima, J., Pereira, A.I., Silva, A.M.T., Gomes, H.T.: Execution time
experiments to solve capacitated vehicle routing problem. In: Gervasi, O., et
al. (eds.) ICCSA 2023. LNCS, vol. 14111, pp. 273–289. Springer, Cham (2023).
https://doi.org/10.1007/978-3-031-37126-4 19

13. Silva, A.S., et al.: Capacitated waste collection problem solution using an open-
source tool. Computers 12(1) (2023)

14. Silva, A.S., et al.: Solving a capacitated waste collection problem using an open-
source tool. In: Gervasi, O., Murgante, B., Misra, S., Rocha, A.M.A.C., Garau,
C. (eds.) ICCSA 2022. LNCS, vol. 13378, pp. 140–156. Springer, Cham (2022).
https://doi.org/10.1007/978-3-031-10562-3 11

15. Raff, S.: Routing and scheduling of vehicles and crews: the state of the art. Comput.
Oper. Res. 10(2), 63–211 (1983)

16. Solomon, M.M.: Algorithms for the vehicle routing and scheduling problems with
time window constraints. Oper. Res. 35(2), 254–265 (1987)

17. Amine Masmoudi, M., Coelho, L.C., Demir, E.: Plug-in hybrid electric refuse vehi-
cle routing problem for waste collection. Transp. Res. Part E: Logist. Transp. Rev.
166, 102875 (2022)

18. Nishida, K., Nishi, T.: Dynamic optimization of conflict-free routing of automated
guided vehicles for just-in-time delivery. IEEE Trans. Automat. Sci. Eng. (2022)

19. Hashi, E.K., Hasan, M.R., Zaman, M.S.U.: GIS based heuristic solution of the
vehicle routing problem to optimize the school bus routing and scheduling. In: 2016
19th International Conference on Computer and Information Technology (ICCIT),
pp. 56–60. IEEE (2016)
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31. Taillard, É., Badeau, P., Gendreau, M., Guertin, F., Potvin, J.Y.: A Tabu search
heuristic for the vehicle routing problem with soft time windows. Transp. Sci.
31(2), 170–186 (1997)

32. Chiang, W.C., Russell, R.A.: A reactive Tabu search metaheuristic for the vehicle
routing problem with time windows. INFORMS J. Comput. 9(4), 417–430 (1997)

33. Potvin, J.Y., Bengio, S.: The vehicle routing problem with time windows Part II:
genetic search. Informs J. Comput. 8(2), 165–172 (1996)

34. Thangiah, S.R., Potvin, J.Y., Sun, T.: Heuristic approaches to vehicle routing with
backhauls and time windows. Comput. Oper. Res. 23(11), 1043–1057 (1996)

Open Access This chapter is licensed under the terms of the Creative Commons
Attribution 4.0 International License (http://creativecommons.org/licenses/by/4.0/),
which permits use, sharing, adaptation, distribution and reproduction in any medium
or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were
made.

The images or other third party material in this chapter are included in the
chapter’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the chapter’s Creative Commons license and
your intended use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright holder.




