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1 | INTRODUCTION

This article deals with a green variant of the vehicle routing problem (VRP), a well-known combinatorial optimization problem
that arises in the fields of operations research and logistics. In the VRP, a set of routes that start and end in the same (and unique)
depot must be designed in such a way that each customer has its demand satisfied in a single visit and the vehicle capacity is
not exceeded. In practical situations, one usually aims at minimizing the operational costs such as the total distance traveled,
number of vehicles, labor costs, etc.
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FIGURE 1 PRP objective functions [Color figure can be viewed at wileyonlinelibrary.com]

The continuous research efforts on VRPs are often motivated by economic aspects [56]. However, given that transportation
operations are responsible for a large amount of greenhouse gases (GHG) emissions, environmental issues may be also taken
into account when solving such problems.

Due to the growing worldwide concern about the impact of human activities on the environment, research works related to
this issue started to increase. In fact, in the last two decades, the number of operations research works including environmental
aspects in their scope, specially those related to logistics and freight transportation, also increased [40]. Sbihi and Eglese [53]
presented several combinatorial optimization problems that could be analyzed in the environment context as well as some
concepts and definitions about green logistics.

According to Lin et al. [40], VRP variants considering sustainable transportation issues are called green vehicle routing
problems (GVRPs). As an attempt to characterize the different types of GVRPs, the authors proposed a classification that divides
the GVRPs into three categories: (i) green-VRP, which addresses the optimization of energy consumption of transportation; (ii)
pollution routing problem (PRP), which aims at reducing the emissions of GHG; and (iii) VRP in reverse logistics (e.g., waste
collection VRP).

Data from International Energy Agency (IEA) show that the majority of CO, emissions arising from fuel combustion in
the year 2015 came from the energetic and transportation sectors, each one responsible for 42% and 24% of total emissions,
respectively [26]. The emissions related to the latter sector are directly proportional to the amount of fuel consumed by a vehicle.
The way such emissions are estimated might vary depending on which aspects are considered by the emission model. Typically,
the speed, the acceleration, the load carried and the distance traveled by the vehicle are some of the factors incorporated by
most models [10]. A comparison highlighting the weakness and strengths of several emission models can be found in Demir
et al. [10]. VRPs where the emissions are estimated according to the vehicle load x distance indicator have been proposed by
Figliozzi [16], Kopfer et al. [35] and Xiao et al. [58]. On the other hand, Franceschetti et al. [ 18], Franceschetti et al. [19], Jabali
et al. [27], Kopfer and Kopfer [34], Bektas and Laporte [5], Demir et al. [11], Kramer et al. [36], Kramer et al. [37], Kuo [39]
and Soysal et al. [55] considered VRPs where the level of emissions is proportional to the traveling speeds between pairs of
customers. Most of the methods adopted to solve these problems are based on heuristics. Concerning the exact approaches, one
can cite the column generation-based algorithms proposed by Fukasawa et al. [21], Fukasawa et al. [20], and Dabia et al. [ 7], and
the disjunctive convex programming models by Fukasawa et al. [22]. The interested reader is referred to the surveys of Demir
et al. [13] and Lin et al. [40] for a more complete analysis of the state-of-the-art on VRPs with environmental considerations.

Despite the growing interest on the environmental preservation, economic aspects still remain highly important. Therefore,
examining their relationship allows for a more complete analysis on the behavior of such aspects in this integrated context. In
light of this, Bektas and Laporte [5] proposed the pollution-routing problem (PRP), an extension of the VRP with time windows
(VRPTW), whose objective is to minimize the GHG emission costs plus the labor costs.

The objectives considered in all works mentioned above were embedded in the same cost function. However, it should be
pointed out that the two PRP objective functions (i.e., GHG emission and labor costs) are conflicting. As depicted in Figure 1,
this happens when the vehicles travel with speeds greater than ~ 15 m/s, where optimizing one objective implies degrading
the other. Since labor costs increase with the routes duration, one may intend to generate shorter routes, in terms of travel time.
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Nevertheless, at the same time, this may imply in larger emission costs, since higher vehicle speeds are necessary to minimize
the total travel time of a route. On the other hand, in order to minimize the emission costs, one needs to adopt lower vehicle
speeds. In this case, routes will have a larger duration, thus increasing the labor costs.

Recently, Lin et al. [40] remarked that it could be interesting to explore the existing trade-off between travel distance and
environmental impacts. According to Ehrgott [15], the best way to analyze trade-off in problems with multiples objectives is
through multi-objective optimization (MO). The main goal of MO is to find all Pareto optimal solutions (or a good approximation
of these solutions [8, 23]), that is, solutions that cannot be improved in any of the objectives without degrading at least one of
the other objectives.

Despite the conflicting nature between the environmental and economic costs, there are few works in which a MO approach
is explicitly applied to tackle problems of this nature. Jemai et al. [30] defined the bi-objective green VRP, where the two
objectives to be minimized are the total traveled distance and CO, emissions. The non-dominated sorting genetic algorithm II
(NSGA-II) [9] was applied to solve the problem. Siu et al. [54] devised a genetic algorithm for dealing with the multi-objective
green cargo routing, in which different plans must be defined for distinct types of transportation modes. Nevertheless, the
objectives still remain the same, that is, minimizing transportation costs and CO, emissions. The authors compared their results
with those obtained by an adapted version of Martins’ algorithm [46]. Molina et al. [47] dealt with a real-life application for the
multi-objective heterogeneous fleet VRP with environmental considerations. Three objectives were considered: (i) minimization
of internal costs and minimization of (ii) CO, and (iii) NO, emissions. An augmented weighted Tchebycheff method was used
to solve it.

Demir et al. [12] proposed the bi-objective PRP (bPRP) which extends the PRP defined in [5], but they considered the
two objectives separately through a MO approach. The authors solved such problem by directly applying straightforward and
well-known MO methods from the literature. Recently, Kumar et al. [38] implemented a so-called self-learning particle swarm
optimization approach for solving a multi-objective PRP with time windows and multiple time periods, where the objectives
considered were related to environmental, routing, and production costs.

In this article, we focus our attention on solving the bPRP by adapting the two-phase Pareto local search (2PPLS) approach
proposed by Lust and Teghem [43] and originally developed for solving the bi-objective TSP (bTSP). State-of-the-art results
have been obtained by such method when solving other classic MO combinatorial optimization problems like the MO knapsack
problem [44] and MO set covering problem [45]. In the first phase of the method, an approximation of the set of supported
efficient solutions is generated by solving single-objective problems (SOPs) obtained from the linear weighted aggregation of
the objectives (weighted sum). In our case, we used a simplified version of the state-of-the-art PRP algorithm by Kramer et al.
[37] to solve such problems. In the second phase, new solutions are generated by applying Pareto local search (PLS) [2, 48], a
method based on neighborhood search. In contrast to the bTSP, finding good approximations for the Pareto Front for the bPRP
in an acceptable CPU time is not an easy task. Firstly, solving single-objective PRP instances obtained with weighted sums is
much harder and more computational demanding than solving single-objective TSP instances. Therefore, it is necessary to limit
as much as possible the number of SOPs solved during the first phase of the algorithm. Secondly, during the application of the
neighborhood search, one needs to build not only the routes themselves, but also determine the vehicle speeds associated with
each arc of the route, which makes the problem much harder to be solved in practice.

The main contributions of this article are threefold: firstly we show how to limit the number of weighted sum problems
solved during the first phase by using a dichotomous scheme to generate automatically the different weight sets, allowing to
obtain good quality initial sets in small CPU times. Secondly, we study different combinations of neighborhood functions and
propose an efficient mechanism that avoids a prohibitive number of calls to the speed optimization algorithm (SOA) throughout
the PLS. Thirdly, we show that the proposed algorithm obtains high-quality results for several MO indicators, in less CPU
time than state-of-the-art MO methods used in [12] to solve the same problem. To our knowledge, this is the first time that an
adaptation of 2PPLS to solve a multi-objective mixed integer linear program problem (MOMILP) is proposed. Although this
MO method is more enhanced than those considered in [12], it is still simple and straightforward to be implemented, since the
method is mainly based on the single-objective solver previously developed for solving the PRP. Please note that the goal of
this article is not only to produce high-quality results for the bPRP, but also to show that it is possible to easily use an efficient
single-objective solver of a specific problem to obtain high-quality results for the bi-objective version of the same problem.
We only consider two objectives in this article, as for problems with more than two objectives, particular adaptations are often
needed to manage the growing number of solutions [6].

The remainder of this article is organized as follows. Section 2 describes the bPRP. Section 3 explains the proposed 2PPLS
based approach. Quality indicators are listed in Section 4. Computational experiments are reported and discussed in Section 5.
Finally, Section 6 presents some concluding remarks.
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2| PROBLEM DESCRIPTION

Let G = (V, A) be a complete and directed graph with a set V = {0, ..., n} of vertices and a set A = {(i,j) :i,j € V;i # j} of
arcs. The depot is represented by vertex 0 whereas the set of customers is denoted by V' = V' \ {0}. Each customer i € )" has a
non-negative demand g;, a time interval [a;, b;] where it can be served, and a service time #;. The travel distance between a pair
of vertices i and j is given by dy;, (i,j) € A. Aset K = {1,...,r} of homogeneous vehicles with capacity Q is available at the
depot.

The bPRP considers the same constraints found in the VRPTW, where in addition to the constraints defined for the classical
VRP, it also imposes that each customer i € V' can only start to be served within its time window [a;, b;] [14]. The bPRP has two
objective functions, which are treated separately: the first aims at minimizing the costs from CO, emissions while the second
aims at minimizing the total costs associated with drive wages.

From [5, 10], drivers are assumed to be paid per unit of time, and CO, emissions are assumed to be proportional to vehicle
fuel consumption, which in turn is dependent on environment and traffic-related parameters such as vehicle type, speed, load,
acceleration, and congestion. Let v; and f;; be the vehicle speed and the vehicle load on arc (i, j), respectively. The amount of
CO, emissions associated with a travel from i to j can be computed as

Fy oy fip» di) = SNV + wyayvg + yaufyvy + Byv))d; /vy, )]

where & and vy are constants related to fuel properties, f and w are associated with vehicle characteristics and o;; is a constant
that depends on road characteristics and vehicle acceleration. Moreover, | is the engine friction factor, N is the engine speed,
V is the engine displacement. Equation (1) is based on the comprehensive emissions model described by Barth et al. [4] and Barth
and Boriboonsomsin [3]. The parameter values adopted in the bPRP can be found in [11, 37].

The bPRP aims at designing a set of routes by deciding the arcs to be included in the solution as well as their associated
vehicle speeds, in order to minimize the two aforementioned objectives, while respecting VRPTW constraints. Hence, if we
consider f,. and f; as the cost associated with fuel consumption and labor activities, respectively, the bPRP objective functions
can be expressed as follows:

minfi(x) =fo Y Fy(vg.fi. dy) ©)
(iy)es
minfy(x) =f1 Y _ i 3
ieV’

where x is a feasible solution (set of routes), S is the set of arcs in x, F;;(.) corresponds to the amount of CO, emissions as given
in Equation (1), and;s represents the total time spent on a route that has the vertex i € )V as the last visit before returning to the
depot.

Note that we can consider the bPRP as a MOMILP since one has to perform binary decisions, that is, by deciding whether
an arc must be included in the solution or not, as well as continuous decisions, that is, by deciding the vehicle speed over each
selected arc. Motivated by real-life aspects, the selected speeds must respect lower (V) and upper (Vyax) bounds, which
come from the problem definition. According to Bektas and Laporte [5], the speed at which a vehicle travels on arc (i,j) is
imposed by traffic regulations. Nevertheless, it is important to emphasize that in the PRP definition, traffic conditions are not
taken into account. Hence, the vehicles are allowed to travel at any speed within a given interval.

In practice, we are interested in finding the set of Pareto optimal (or efficient) solutions for the bPRP. We recall the definitions
related to MO optimization in the following.

We consider a general MO problem (MOP), with a feasible set X and k objective functions f;(x) (i € {1,...,k}), where
x € X is a solution vector. In MO optimization, solutions are usually compared according to the Pareto dominance relation:

Definition 1. Pareto dominance relation: we say thata vector z* = (z}, . . ., z{) dominates a vectorz = (zy, . .., %)
if,and only if, z} <z Vie(l,...,k} AJie(l,...,k}:z <z. We denote this relation by z* > z.

We define an efficient solution as follows:
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Definition 2. Efficient solution: a feasible solution x* € X is called efficient if there does not exist any other
feasible solution x € X such that f(x) > f(x*).

For these solutions, it is not possible to improve the value of one of the criteria without deteriorating at least one other
criterion.

The image z = f (x) of an efficient solution is called a nondominated point (z € R¥). The efficient set denoted by X contains
all efficient solutions, whereas the Pareto front, denoted by Yy, contains all nondominated points (it corresponds to the image
of the efficient set in objective space). In this work we will mainly work with approximations of the efficient set, also called set
of potentially efficient solutions, and denoted by Xp.

At some point, we will also need to use the weakly Pareto dominance relation, defined as follows.

Definition 3. Weakly Pareto dominance relation: we say that a vector z* = (zj,...,z;) weakly dominates a
vector z = (zy,...,2) if, and only if, z* > z or z = z*. We denote this relation by z* > z.

Finally, we make the important distinction between two types of efficient solutions: supported and nonsupported [15]. The
set of supported efficient solutions (Xsg) can be obtained by solving weighted sum SOPs of the form mi}? Zle Aifi(x), with
RIS

non-negative weights ;. The set of non-supported efficient solutions (Xysg) are the remaining efficient solutions, not located in
the convex hull of the Pareto front, and that cannot be obtained by solving weighted sum problems. In many cases, nonsupported
solutions may provide a better compromise between the objectives of the problem [42].

3 | PROPOSED METHOD

We developed a 2PPLS-based method [43] for solving the bPRP, which makes use of approximation schemes in both phases,
as described in the following.

e Phase I: aims at finding a good approximation for the set of supported efficient solutions. This can be done, for
example, by solving weighted linear aggregated problems related to the two bPRP objectives.

e Phase 2: aims at obtaining a set of non-supported efficient solutions by exploring the search space between
supported efficient solutions. These new solutions are obtained using a PLS procedure. PLS [2, 48] is an adaptation
of simple local search based on improving moves to multi-objective optimization. PLS works directly with the
current approximation of the efficient set. For each solution in the approximation its neighborhood is searched
to find new potentially efficient solutions and to update the approximation. PLS is especially good for finding
solutions along the Pareto front but can be very slow to find solutions toward the Pareto front. That is why it is
important to start PLS from a good initial population. In this configuration, PLS can generate a large number of
new potentially efficient solutions in a very short CPU time.

We present below how we have adapted these two phases to the bPRP.

3.1 | First phase

In this phase, aggregated problems of the form (4) are solved for the feasible space X, where N = [\i, \s,..., N ] and
z=[fix),r(x),...,fr(x)] represent the weight and objective function vectors, respectively.

k
min{zxiﬁ(x):xeX}. 4

i=1

One way of generating the weight sets is by applying the dichotomous scheme proposed by Aneja and Nair [1] and later
improved by Przybylski et al. [51]. These methods employ exact approaches capable of generating all the weight sets, thus
enabling one to obtain all the supported efficient solutions for bi-objective problems. Lust and Teghem [43] adapted the former
method by applying heuristic approaches for solving the aggregated problems, in order to decrease the runtime of the method.
As a result, the solutions found are not necessarily supported, or even efficient, but constitute a set that is close to the complete
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set of supported efficient solutions. Two main advantages of using this method for solving the bPRP are that the number of
weight sets to be used is automatically determined and the objective functions need not be normalized as the weight sets are
computed from the representation of the solutions in the objective space.

This method is adopted in the present work and its adaptation to the bPRP is detailed in the following.

3.1.1 | Heuristic procedure for obtaining supported efficient solutions

The dichotomous scheme used for obtaining a good approximation of the set of supported efficient solutions is presented in
Algorithm 1. For all pseudo-codes presented hereafter, the symbols 4, |, and § denote the passing of parameters in mode IN,
OUT, and IN/OUT, respectively. The comments are identified by the symbol .

Algorithm 1 receives as input a bPRP instance and returns an approximation Xsg of the set of supported efficient solutions.
Herein, when the procedure SolvePRP is called, a SOP of the form \f; 4+ \,f> is solved.

The approximation Xsg is initialized with two solutions of SOPs. Firstly, the objective that aims at minimizing the costs
from CO, emissions is considered (line 4). Secondly, the total cost associated with drive wages is minimized (line 6). Once both
solutions are obtained, the method SolveRecursionHeuristic (line 8) is called in order to generate new weight sets and
solutions.

Algorithm 1 bPRP_Phasel_ Heuristic
1: Parameters 1: bPRP instance ¢

2: Parameters |: An approximation 3(\55 of X

3: A= (1,0)
4: SolvePRP(\ |, x; 1) >
5: A =1(0,1)

6: SolvePRP(\ |, x 1) >

72 Xsg < {x1,x2}

8: SolveRecursionHeuristic(x; |, x, i,XgE ) >

The method SolveRecursionHeuristic is described in Algorithm 2. In this method, the property that the images of
the supported efficient solutions are always located in the convex hull of the Pareto front is used: by considering weight sets
A = (N, \p) defined by the normal line across the images in the objective space of the two solutions x; and x, considered,
new supported solutions can be recursively generated [51]. As the new weight set is a vector normal to the line joining the two

points f(x,) and f (x,), we have k| = }% and X, = 1. Then, we normalize the weight sets (A; + A, = 1) and we obtain

M= f2(xr)*jji§z:§;2((2;ifl my andd =1-1.

The solution obtained considering the new weight set is denoted as x;. If x, is not dominated by any of the solutions of the
set of potentially efficient solutions, then x, is added to this set. This verification is performed using the method UpdateXE
(see Algorithm 3). The procedure simply consists in updating a set of potentially efficient solutions X with a new solution p of
cost f(p). The solution p is compared with all solutions from X¢ (lines 4-11) and in case p is weakly dominated by at least one
solution from the set, p is not added to )A(E and the algorithm stops (lines 5-7). Otherwise, p is added to )A(E (line 12). Moreover,
if p dominates some solutions of )A(E, then these solutions are removed from )A(E (lines 8-10).

Let Az(x,)z(x,) be the right triangle defined by the points z(x,), z(x,) (x, and x; images) and their associated local ideal
point (minimum value of the coordinate of each point). Every time a solution x, whose image z(x;) is inside the interior of
the triangle Az(x,)z(x,), Alg. 2 is recursively called twice: one for x, and x,, and another one for x, and x,. Otherwise, the

SolveRecursionHeuristic function is not called. Note that the area of Az(x,)z(x,) decreases between two iterations of
SolveRecursionHeuristic and that is why the method is often called “dichotomic” search.

In practice, we do not consider the entire region defined by Az(x,)z(x;). When applying the dichotomous scheme, since
in the bPRP there are decisions associated with continuous variables, there might be too many solutions that are close to each
other. As a result, the dichotomous scheme will possibly generate a considerable number of nondominated points, and thus the
first phase could be time consuming. Given that PLS employed in the second phase is likely to generate a large number of points
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Algorithm 2 SolveRecursionHeuristic

1: Parameters | : x, and x;

2: Parameters §: 3(\%

BA=00h) M= fz<x>—nggjf‘fgji—f} e =1-M >

4: SolvePRP(\ |, x, 1) >

5: UpdateXEXs: £, X . 2(x) ) >

6: if z(x;) Nint A z(x,)z(x,) # O then

7: SolveRecursionHeuristic(x, |, x; |, 5(\55 $)

8: SolveRecursionHeuristic(x; |, x, \l,,j(\sg )
Algorithm 3 UpdateXE

1: Parameters §: A set X of potentially efficient solutions

2: Parameters | : A solution p and its evaluation f (p)

3: Parameters 1: A Boolean variable which is true if p has been added and false otherwise

4: forall x € )A(E do

5: if f(x) > f(p) then

6: return False >

7: if f(p) > f(x) then

8: Xe < Xp \ {x} >

9: Xp < Xp U {p} >

10: return True

in a small amount of time, one potential strategy is to accept less solutions during the first phase so as to improve the overall
runtime of the algorithm.

More precisely, we propose a mechanism that reduces the area of the triangle in order to avoid the acceptance of several
nondominated points within a small region of the solution space (see Figure 2). Such reduction is controlled by a parameter
T: the larger the value of t, the smaller the number of nondominated points accepted for restarting the recursion. In other
words, parameter T is used to limit the generation of supported efficient solutions located between two close efficient supported
solutions. In our case, we assume that t is proportional to the Euclidean distance between the points z(x,) and z(x,), that is,
T = p X |lz(x,), z(x5) ||, where p is an input parameter. The value of this parameter should be chosen in such way that enough
potentially nondominated points are generated in the first phase so as to provide to PLS a good initial set and to attain high-quality
approximations front in reasonable CPU times (see Section 5.2).

3.1.2 | Solving the single-objective PRP

For solving the single-objective PRPs obtained from the linear weighted aggregation of the objectives, we have decided to use
the algorithm proposed by Kramer et al. [37], which is to the best of our knowledge the best heuristic method available for
solving the single-objective PRP. Their multi-start matheuristic, called ILS-SP-SOA, combines iterated local search (ILS) [41]
with a set partitioning (SP) approach and SOA. Nevertheless, since many SOPs are solved during the execution of the algorithm,
we chose to drop the SP phase of the method so as to improve the runtime performance. Of course, removing this component
of the method may possibly affect the quality of the solutions generated. However, this simplified version (ILS-SOA) of the
algorithm developed in [37] still yields good solutions. This can be verified in the results reported in Appendix.

Algorithm 4 presents the pseudo-code of ILS-SOA. The algorithm restarts ng times (lines 5-21) where at each iteration
the speed matrix v is initialized with the maximum speed allowed in the instance (line 9) and a solution is generated using an
insertion based heuristic [50] that allows infeasible solutions with respect to the time windows constraints (line 10). Local search
and perturbation moves as well as speed optimization are then alternatively performed (line 13) for n;;5 consecutive iterations
without improvements (lines 11-17). The algorithm returns the best solution found among all restarts.
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FIGURE 2 Adapted Stopping Criterion

ILS-SOA makes use of the auxiliary data structures (ADSs) presented in Vidal et al. [57] in order to enhance the runtime
performance of the method. These ADSs store a series of information (total duration, earliest arrival time, latest arrival time,
cumulated load, etc.) for all the subsequences of a given solution, and they allow to perform move evaluation and feasibility
check in amortized O(1) time during the local search. The reader is referred to [37] for a complete and detailed description of
all individual components of the algorithm, including local search, perturbation, and speed optimization procedures.

Algorithm 4 ILS-SOA
1. Parameters | : ng, nyg, seed

2: Parameters 1: S*

3 8% <« 0

4: f(8*) < o0;

5. while iy < ni do

6: ig < ig+1

7: S <~ @

8 f(§) < oo;

9: v <« InitializeSpeedMatrix(Viyax)

10: S < SpeedOptimization(LocalSearch(GenInitSol(seed)))

11: while i;; s < n; 5 do

12: ins < ins+ 1

13: S < SpeedOptimization(LocalSearch(Perturbation($’, seed)))
14: if £(S) < f(S’) then

15: S <« S ips <0

16: if £(S" < f(S*)) then

17: N

3.2 | Second phase

In this phase one aims at finding potentially nonsupported efficient solutions with a view of improving the quality of the
Pareto front by applying PLS [43, 48, 49] over the set of potentially efficient solutions X obtained in first phase, as shown in
Algorithm 5.
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Algorithm 5 Pareto Local Search (PLS)

1: Parameters |: An initial set ?SE and a bPRP instance

2: Parameters 1: An approximation X; of the set of efficient solutions

3: 5(\5 <—)?SE

4: P <« ?SE >

5. P, <0 >
6: while P £ ¢ do

7: forallp € P do

8: for all p’ € N (p) do >

9: if f(p) %f(p/) then

10: if UpdatexE(X; $.p' |.f(p) |) then >
11: UpdateXE(P, $,p' .f(p) 1) >
12: P <P, >

13: P, <0

A set P and the set of potentially efficient solutions )A(E are both initialized with the same set of solutions )A(SE (lines 4-5),
generated during phase 1. Next, while P is not empty (lines 6—18), each neighbor solution p’ of every p € P is generated (lines
7-15) using the following VRP based neighborhoods, that are all well-known for providing good computational results in the
VRP context (and also used in ILS-SOA):

e Shift (1, 0)—a customer is moved from one route to another one.

Swap (1, 1) —two customers in two different routes are switched.

e Cross (a.k.a. 2-opt*)—two arcs are removed: one from route r; and another one from route r,; and another two
are inserted: one connecting r; with r, and another one connecting r, with ry.

e Reinsertion—a customer is removed and inserted in another position of the same route.

e Exchange—two customers in the same route are switched.

In Section 5.2, we will empirically justify the choice of the neighborhood structures described above.

Next, each nondominated solution p’ is added to )A(E and also to an auxiliary set P, (lines 9-13), which in turn becomes the
new set P in line 16.

Note that the moves performed in the neighborhood only modify the routes. However, the optimal speeds associated with
the arcs of a modified route may not be the same as the original route. One thus needs to apply the SOA in order to compute the
new optimal speeds for the arcs. Nevertheless, since the size of each neighborhood structure is of the order of O(n?), and the
SOA complexity is O(n?), the worst-case complexity of the entire procedure is O(n*). Hence, the overhead of calling the SOA
every time a move is evaluated can be prohibitively expensive in terms of CPU time.

To overcome the aforementioned issue, we propose a simple yet effective approach to improve the runtime performance
without severely compromising the quality of the solutions found during the local search. In particular, whenever a move is
evaluated, the method computes the objective functions considering a maximum speed allowed in the instance. If this solution
turns out to be potentially efficient, then SOA is called in order to determine the actual optimal speeds for each arc of the modified
route. This dramatically reduces the number of calls to SOA, thus preventing the algorithm’s runtime to increase excessively.

PLS does not accept infeasible solutions that violate the vehicle capacity, and the feasibility check can be easily performed
using the ADSs mentioned in Section 3.1.2. However, infeasible solutions with respect to time windows are accepted, but the
algorithm penalizes such solutions, which will be then naturally dominated and thus disregarded during the search. In this case,
the move evaluation (considering the penalties due to time windows violation) can still be performed in amortized O(1) time
as shown in [37, 57]. Note that this is also the same policy adopted by ILS-SOA.
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4 | QUALITY INDICATORS

In contrast to SOPs, comparing the quality of solutions in MOPs is not an easy task. While in the first the solutions can be
directly compared by simply observing the value of the objective function, in the latter one has to compare a set of points,
which is not straightforward. Nevertheless, according to Zitzler et al. [60], when assessing the quality of solutions in MOPs, it
is desirable that: the distance between the potentially nondominated points found by the method and the optimal Pareto front
(reference set) is the minimum possible; there should be a maximal number of points, well-distributed along the Pareto front.
When is not practical to determine the optimal Pareto front, the reference set can be derived by merging the fronts generated by
state-of-the-art algorithms and removing dominated points [31].

The MO assessment methods available in the literature can be classified into two main categories: unary and binary. While
in the first category a score is attributed to a set of solutions, in the second one a score is attributed to a pair of sets of solutions.
Such score is generally computed by comparing both sets to a reference set. Zitzler et al. [61] performed a detailed analysis on
the main features of the most popular MO assessment methods.

In this work, we make use of two indicators: hypervolume () and R measure. We chose them because they are unary
indicators and thus do not depend on a reference set, which is quite complicated to determine, not only because solving the
bPRP exactly is far from being a simple task, but also because the approximations found in [12] are no longer available. We also
use the concept of attainment surfaces to take into account the stochasticity of the algorithms and to compare the approximations
in objective space. We briefly present these concepts in the following subsections.

4.1 | Hypervolume

The hypervolume (H) indicator was proposed by Zitzler [59] and it computes the approximated area over the curve formed by
the set of potentially nondominated points bounded by a low-quality point. The low-quality point should be defined such that
every point of the Pareto front approximation weakly dominates the low-quality point. A point close to the Nadir point (that is
the virtual point composed of the worst values for each objective among the nondominated points) can be used. The value of
‘H must be maximized to obtain potentially nondominated points located far from the low-quality point and close to the ideal
point (the virtual point composed of the best values for each objective).

4.2 | R measure

The R measure (R) [28] depends on the average of the minimum value of the weighted Tchebycheff function (I') over a set of
systematically generated normalized weight vectors. For each weight \, the Tchebycheff weighted distance is determined for

aaaaa

minimum (best) value associated with each k is computed, that is, I'; = min {F}} We finally normalize the value of R
with this expression: R = 1 — % In this way, values between 0 and 1 are obtained, and as in the previous case, the value

of R must be maximized (that is close to 1).

4.3 | Attainment surfaces

Proposed by Fonseca and Fleming [17], attainment surfaces are a nice way to represent the different outputs of a stochastic
multi-objective optimizer in objective space. Indeed, when running one algorithm several times, plots of approximation of Pareto
fronts quickly become confusing and unusable. In this work, we will use the concept of summary attainment surface proposed
by Knowles [32], which can be defined as the union of all tightest goals that have been attained (independently) in precisely s
of the runs of a sample of m runs, for any s € 1,...,m. For example, the sample median quality is the best estimator of what
one would expect to achieve in 50% of the runs. In this work, we will use the best (1st) summary attainment surface (best-case
performance of the algorithm), the median summary attainment surface and the worst summary attainment surface (worst-case
performance of the algorithm). We have used the code of Knowles [32] to generate the summary attainment surfaces.

S| COMPUTATIONAL EXPERIMENTS

The proposed algorithm was coded in C++ and the computational experiments were conducted on an Intel Xeon E3-1226
3.30 GHz with 16 GB of RAM running Oracle Linux Server. The method was executed 10 times for each instance using a single
thread. The statistical tests were performed using the R package [52].
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TABLE 1 Different settings adopted for the 2PPLS

Setting p (%) Neighborhoods PLS

1 1.25 Shift(1,0),Swap(l,1),Reinsertion

2 1.25 Shift(1,0),Swap(l,1),Reinsertion, Exchange

3 1.25 Shift(1,0),Swap(l,1),Reinsertion, Exchange, Cross
4 2.50 Shift(1,0),Swap(1l,1),Reinsertion

5 2.50 Shift(1,0),Swap(1l,1),Reinsertion, Exchange

6 2.50 Shift(1,0),Swap(1l,1),Reinsertion, Exchange, Cross
7 5.00 Shift(1,0),Swap(1l,1),Reinsertion

8 5.00 Shift(1,0),Swap(1l,1),Reinsertion, Exchange

9 5.00 Shift(1,0),Swap(1l,1),Reinsertion, Exchange, Cross

Since the bPRP instances used in [12] are no longer available, we decided to use those originally proposed for the
PRP, which are divided into three groups involving different sizes, each of them containing 20 instances. Group A,
available at http://www.apollo.management.soton.ac.uk/prplib.htm, was suggested in [11]. Groups B and C, available at
http://w1 .cirrelt.ca/ vidalt/en/VRP-resources.html, were introduced in [37] and they were derived from the instances of group A
by tightening the customers’ time windows. More precisely, Groups A, B, and C contain instances with large, tight and moderate
time windows, respectively. For comparison purposes, we only performed experiments for 100-customer instances, as in [12].

5.1 | Assessment of results

As already mentioned, the indicators H and ‘R were the ones adopted to assess the quality of the solutions found by the algorithm.
For obtaining the value of R, the number of weights |W| generated for determining the weighted Tchebycheff function was
given by (”ﬁ]l) [29], where n is the number of customers and & is the number of objectives. In our case, since k = 2 and
n = 100, it follows that |¥| = 101 weights.

The nondeterministic values of 7 and R, obtained through several stochastic runs of 2PPLS and also of other MO methods
from the literature (see Section 5.3.1), were evaluated by means of the Mann-Whitney (MW) nonparametric statistical test. The
reason for performing a nonparametric test is that the statistical distribution of the data is unknown. Since two hypothesis were
simultaneously tested (differences between the values of R and of H), the risk level o, which determines the probability of error
of the test, was adjusted according to the Holm sequential rejective method [25], with o = 0.05. The smallest P value obtained
during the statistical tests were compared with */,, while the second smallest value was compared with a. The statistical results
are reported in the tables of Section 5.3.1. The analysis was always performed with respect to 2PPLS using the following scheme.
On the one hand, signs “>"" and “<” indicate that the values of the quality indicator associated with 2PPLS are, respectively,
statistically greater and smaller than the values found using other MO methods from the literature. On the other hand, sign “="
indicates that the values are not statistically different. Moreover, the number of solutions found (#Sol.), as well as the CPU time
in seconds (T(s)) are also reported.

5.2 | Parameter tuning

In this section, we show how the parameters of the proposed algorithm were calibrated. The overall performance of the method
mainly depends on: (i) the reduction of the ideal local triangle Az(x,)z(x,) that is measured by the parameter p described in
Section 3.1.1; and (ii) the neighborhoods used in the second phase of the method.

We have tested three values of p, namely: 1.25%, 2.50%, and 5.00%, and three neighborhood schemes, thus leading to a
total of nine different settings, as shown in Table 1.

We have performed a series of experiments on the set of 100-customers instances of Group B (20 instances, in total), which
can be considered the most challenging set. The proposed algorithm was executed 10 times for each instance and the results
obtained for the different settings can be found in Table 2. We report the number of times a particular setting is superior to the
best-known methods of [12] in terms of number of nondominated solutions (#Sol.), hypervolume (H) and R measure (R), as
well as the CPU time (T(s)) in seconds. The results show that setting 6 seems to be the most interesting configuration, with
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TABLE 2 Number of times each setting of the 2PPLS outperformed the
best known methods of Demir et al. [12]

Setting #Sol. H R CPU time
1 20 20 19 2

2 20 20 19 5

3 20 20 20 5

4 20 18 16 15

5 20 19 16 17

6 20 19 17 15

7 20 15 13 17

8 20 15 9 16

9 20 17 14 14

a good compromise between solution quality and CPU time. Therefore, we have set p = 2.50% and we have adopted the
neighborhoods Shift (1,0), Swap (1,1), Cross, Reinsertion and Exchange.

5.3 | Results
5.3.1 | Comparing 2PPLS with other MO methods from the literature

With a view of evaluating the performance of the proposed 2PPLS heuristic in solving the bPRP, we have implemented two
other MO methods considered in [12] for solving the bPRP, namely: weighted sum of the objective functions (WM) and weighed
sum of the normalized objective functions (WMN). The other methods presented in [12] could not be reproduced because they
are based on the e-Constraint approach, which should be implemented in an exact fashion and the authors did not mention how
this issue was dealt in their work.

As proposed by the authors, we considered the set W = {(1,0) (0.9,0.1)...(0.1,0.9) (0, 1)}, containing 11 weights, for
WM and WMN. For the sake of comparison with 2PPLS, ILS-SOA was also used to solve the SOPs that arise in such methods.
Hence, all the conclusions drawn can be attributed to the multi-objective methods.

We chose to compare 2PPLS with WM and WMN for two important reasons: (i) WM and WMN have been successfully
applied to the bPRP and it is easy to reproduce the results obtained to the new instances used in the article (ii) WM, WMN,
and 2PPLS are quite similar since weighted sums problems are solved in the three methods. Therefore, the comparison between
these methods will also tell us, for a given CPU time, if it is worth to apply PLS rather than solving more weighted sum problems.
We did not compare 2PPLS with the more popular MO algorithm NSGA-II [9] since Kumar et al. [38] already showed that the
performances attained by NSGA-II were not very good for the bPRP.

Tables 3—5 compare 2PPLS either with WM or with WMN. Each table reports the average values (of 10 runs) for the indicators
#Sol, H, and R obtained by each algorithm (Bold values correspond to the best values). In addition, gaps with respect to WM and
WMN are presented (columns below the label Gap (%)) and they are computed as (VappLs — Vwm)/Vwm OF (VappLs — VwMmN)/VWMN»
where voppLs, Vwm, and vwuy refer to the values of the indicators achieved by using 2PPLS, WM, and WMN, respectively.

From Table 3, it is possible to observe that a large number of potentially efficient solutions were generated by 2PPLS. This
can be explained by the wide time windows of the instances of set A, allowing many feasible solutions to be generated during
the application of PLS. Moreover, the gap between the quality indicators show that 2PPLS is clearly superior than the other
methods for this set of instances, which is also confirmed by the result of the MW statistical test. In addition, the proposed
algorithm was capable of finding six to eight times more solutions than the other ones. Finally, the average CPU time of 2PPLS
was slightly slower than WM, but faster than WMN.

Note that the CPU time of 2PPLS depends on the stopping criterion used in the first phase. As a matter of fact, it is not
possible to specify a priori the number of calls to ILS-SOA, as opposed to WM and WMN, since the first phase of 2PPLS stops
when a good estimation of the supported efficient solutions is obtained. Nevertheless, depending on the reduction of the ideal
triangle considered during the dichotomous scheme (parameter p described in Section 3.1.1) and also on the feasible region
provided by the instance, a large number of solutions may be generated, which can be time consuming. This somewhat explains
the differences in CPU time between 2PPLS and the other two methods. Further conclusions in this matter can be drawn from
Table 6, where we summarize the computational results presented in Tables 3-5.
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TABLE 6 Summary results

Set A Set B Set C
Method Statistic #Sol. H R T(s) #Sol. H R T(s) #Sol. H R T(s)
2PPLS Min. 58.2 47400.5 0.8950 2364 51.1 208392.3  0.9201 372.3 70.2 168126.6  0.9232  350.7
Max. 82.5 487324  0.9050 976.6 76.8 215062.7 0.9330 589.4 101.4 173363.9 0.9361 6214
Avg. 69.9 48000.7 0.8997 3944 63.6 211809.8  0.9265 472.3 85.5 170491.9  0.9293  452.8
WM Min. 8.1 45402.8 0.8822 3259 9.0 204296.3  0.9197 469.5 8.9 163405.2 09172  406.9
Max. 10.5 46787.7  0.8857  356.5 11.0 211301.5 0.9251 519.5 11.0 168231.4  0.9228 4394
Avg. 9.4 46355.1 0.8840  339.6 10.2 208548.1 0.9225 493.6 10.1 166396.1 09199 4235
WMN Min. 8.3 45585.5 0.8814 3943 8.2 205874.0  0.9207 574.8 8.8 163894.6 09171 505.3
Max. 10.7 46725.0 0.8854 420.0 10.6 211081.8 0.9253 621.0 10.8 168223.7  0.9225 545.7
Avg. 9.6 46297.6  0.8835 4064 9.6 208941.5  0.9231 595.7 9.9 166507.7 0.9198  525.2

With respect to the instances of sets B and C, as can be observed in Tables 4 and 5, 2 PPLS was capable of finding a high number
of potentially efficient solutions. In addition, it also visibly outperforms, on average, WM and WMN when considering H and
R indicators. In terms of CPU time, the average performance of 2PPLS and WM are equivalent and both are faster than WMN.

The average results for each instance group is summarized in Table 6. For each method, it reports the minimum, maximum,
and average values of #Sol., H, R, and T(s). The three methods usually require more CPU time for solving instances with
tighter time-windows (i.e., those from sets B and C), which coincides with the results reported by Kramer et al. [37] for the
mono-objective PRP. 2PPLS obtained more potentially efficient solutions for instances from the set C. This may be justified by
the larger heterogeneity of the time-window widths of these instances. In contrast to 2PPLS, the number of potentially efficient
solutions obtained by WM and WMN does not vary significantly between the instances sets. This is a consequence of the chosen
weight set W (few elements with uniformly spread values).

5.3.2 | Evaluating the impact of the PLS

In this section, we discuss the impact of PLS in improving the quality of the Pareto fronts obtained during the first phase (Tables
7-9). In each table, we provide the number of potentially supported (#St.) and nonsupported efficient solutions (#NSt.) obtained

TABLE 7 Characterization of the solutions obtained by 2PPLS in each phase of the algorithm - Instances A

First phase Second phase
Instance #Sol #St. #NSt. #C. H R T(s) #Sol #St. #NSt. H R T(s)
UK100_01-A 8.9 8.3 0.6 9.4 50467.6 0.8819 302.8 66.8 11.9 54.9 52813.9 0.8959 16.7
UK100_02-A 11.6 9.6 2.0 12.4 47621.3 0.8862 390.5 80.0 12.9 67.1 49074.3 0.9002 21.0
UK100_03-A 11.8 9.8 2.0 13.0 40289.7 0.8903 413.8 69.0 12.8 56.2 41192.5 0.9020 23.0
UK100_04-A 11.1 7.8 33 14.4 48199.6 0.8879 449.8 72.7 14.7 58.0 50616.0 0.9108 68.4
UK100_05-A 10.1 6.7 34 14.0 36667.2 0.8843 450.5 69.8 11.9 57.9 38687.3 0.8991 26.0
UK100_06-A 10.1 8.5 1.6 10.2 48588.1 0.8822 290.4 65.6 14.8 50.8 50171.2 0.8950 19.9
UK100_07-A 11.2 7.4 3.8 14.4 38708.8 0.8844 385.8 63.8 10.8 53.0 40732.5 0.8971 16.3
UK100_08-A 10.9 8.2 2.7 13.4 41295.6 0.8835 358.2 62.9 12.8 50.1 42739.5 0.8958 12.2
UK100_09-A 8.1 6.8 1.3 9.6 42371.6 0.8833 296.3 74.3 11.1 63.2 44644.4 0.9048 51.5
UK100_10-A 10.7 8.4 2.3 13.0 42217.3 0.8822 335.8 67.1 13.1 54.0 43744.1 0.8961 16.6
UK100_11-A 7.5 6.3 1.2 9.2 52801.9 0.8731 297.5 74.0 12.3 61.7 57958.2 0.9002 58.4
UK100_12-A 10.6 7.1 3.5 16.6 38677.7 0.8825 478.5 65.2 12.6 52.6 40390.8 0.9003 27.1
UK100_13-A 11.2 8.4 2.8 13.2 45240.8 0.8850 367.0 72.7 13.3 59.4 46537.7 0.8972 13.8
UK100_14-A 9.1 8.5 0.6 9.8 47056.4 0.8822 300.9 63.9 13.7 50.2 49461.8 0.9019 20.6
UK100_15-A 11.9 9.8 2.1 12.8 62612.2 0.8871 437.3 75.1 13.7 61.4 64470.5 0.9012 22.7
UK100_16-A 10.1 7.5 2.6 11.6 39195.8 0.8872 312.1 70.5 13.5 57.0 41059.4 0.9003 22.3
UK100_17-A 10.8 8.9 1.9 11.6 56252.3 0.8779 412.6 68.1 12.0 56.1 58994.6 0.8950 479
UK100_18-A 11.5 8.7 2.8 14.2 44208.1 0.8854 458.4 69.3 13.8 55.5 45526.0 0.8988 17.6
UK100_19-A 8.5 7.5 1.0 9.0 42779.4 0.8902 267.5 73.6 14.3 59.3 44306.6 0.9055 24.9
UK100_20-A 10.7 8.7 2.0 10.8 55180.7 0.8847 338.7 74.3 13.8 60.5 56893.4 0.8969 15.4

Average 10.3 8.1 2.2 12.1 46021.6 0.8841 367.2 69.9 13.0 56.9 48000.7 0.8997 27.1
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TABLE 8 Characterization of the solutions obtained by 2PPLS in each phase of the algorithm - Instances B

First phase Second phase

Instance #Sol #St. #NSt. #C. H R T(s) #Sol #St. #NSt. H R T(s)
UK100_01-B 7.3 7.1 0.2 7.4 131220.4 0.8968 353.6 62.3 12.2 50.1 137170.1 0.9126 128.5
UK100_02-B 6.4 6.0 0.4 7.0 206733.5 0.9141 313.1 67.1 11.3 55.8 217810.1 0.9261 148.7
UK100_03-B 8.2 7.5 0.7 8.8 203342.2 0.9129 428.8 98.0 13.6 84.4 212508.6 0.9211 230.3
UK100_04-B 6.3 6.2 0.1 6.8 196099.0 0.9091 321.8 52.9 10.6 423 202401.9 0.9171 1254
UK100_05-B 7.4 6.7 0.7 7.8 221772.5 0.8965 368.7 69.9 12.6 57.3 230489.6 0.9057 194.3
UK100_06-B 4.5 4.4 0.1 4.8 213304.8 09114 216.4 60.1 11.3 48.8 226259.5 0.9296 196.8
UK100_07-B 4.1 4.1 0.0 4.6 223105.0 0.9147 203.7 49.0 11.1 379 234897.4 0.9282 136.0
UK100_08-B 7.0 6.6 0.4 7.2 230346.7 0.9289 324.1 73.3 13.0 60.3 234991.1 0.9392 139.7
UK100_09-B 5.8 5.8 0.0 6.2 218667.3 0.9269 265.8 69.1 12.4 56.7 226787.6 0.9409 234.8
UK100_10-B 8.5 7.6 0.9 8.6 205521.6 0.9261 370.4 77.4 13.1 64.3 210447.0 0.9345 141.8
UK100_11-B 7.6 7.1 0.5 8.0 219813.5 0.9202 429.2 71.1 124 58.7 226803.7 0.9299 186.1
UK100_12-B 4.8 4.3 0.5 5.0 146086.3 0.9053 240.2 62.5 10.5 52.0 155418.0 0.9255 172.2
UK100_13-B 5.6 5.6 0.0 5.8 241400.6 0.9162 300.2 55.2 9.8 45.4 250030.6 0.9258 191.3
UK100_14-B 4.8 4.8 0.0 5.2 205538.3 0.9198 258.0 55.3 11.7 43.6 216549.3 0.9352 158.9
UK100_15-B 6.7 6.6 0.1 6.8 184101.4 0.9131 364.6 46.9 12.0 349 190124.9 0.9248 88.5

UK100_16-B 5.5 5.5 0.0 6.0 184777.6 0.9207 297.1 54.6 10.6 44.0 193615.0 0.9299 137.9
UK100_17-B 7.6 7.0 0.6 8.2 1825449 0.9054 420.7 71.3 11.1 60.2 193250.2 0.9168 141.7
UK100_18-B 5.2 4.8 0.4 5.4 190524.1 0.9075 246.6 59.7 10.4 49.3 200926.6 0.9215 146.3
UK100_19-B 5.9 5.6 0.3 6.2 255855.4 0.9247 280.0 65.0 13.4 51.6 266002.1 0.9366 167.9
UK100_20-B 6.1 6.1 0.0 6.6 199861.3 0.9196 290.1 52.0 11.8 40.2 209712.5 0.9285 86.0

Average 6.3 6.0 0.3 6.6 203030.8 0.9145 314.7 63.6 11.7 51.9 211809.8 0.9265 157.7

TABLE 9 Characterization of the solutions obtained by 2PPLS in each phase of the algorithm - Instances C

First phase Second phase

Instance #Sol #St. #NSt. #C. H R T(s) #Sol #St. #NSt. H R T(s)
UK100_01-C 7.5 7.0 0.5 7.8 155257.5 0.9055 317.9 91.3 15.0 76.3 162461.7 0.9199 130.7
UK100_02-C 7.3 6.6 0.7 8.2 170925.5 0.9125 324.0 88.7 129 75.8 183414.7 0.9242 118.3
UK100_03-C 7.5 6.9 0.6 7.8 133884.5 0.9093 318.2 89.8 14.7 75.1 139473.5 0.9242 215.5
UK100_04-C 7.7 6.8 0.9 8.2 196122.4 0.9257 319.7 83.5 13.4 70.1 203208.2 0.9391 210.5
UK100_05-C 8.0 6.7 1.3 8.6 153161.5 0.9201 330.1 90.4 13.4 77.0 157937.2 0.9325 160.4
UK100_06-C 8.6 8.1 0.5 9.0 164855.7 0.9172 354.6 99.8 15.8 84.0 170646.0 0.9264 109.5
UK100_07-C 6.5 59 0.6 7.0 148690.5 0.9130 261.7 82.1 13.6 68.5 157590.5 0.9281 139.4
UK100_08-C 7.1 6.5 0.6 7.6 198801.8 0.9267 285.6 74.8 124 62.4 207032.6 0.9381 113.3
UK100_09-C 5.3 5.2 0.1 5.6 178483.2 0.9028 185.8 84.3 14.4 69.9 190909.1 0.9270 2294
UK100_10-C 9.2 7.4 1.8 10.2 138056.8 0.9151 377.2 76.8 13.4 63.4 141106.8 0.9224 50.9

UK100_11-C 6.5 6.1 0.4 7.0 218888.7 0.9194 285.2 75.5 124 63.1 229173.0 0.9376 233.7
UK100_12-C 7.9 7.1 0.8 9.0 98566.2 0.9149 314.5 75.0 12.8 62.2 101181.4 0.9255 73.8

UK100_13-C 8.1 7.7 0.4 8.4 1755135 09167 3478 934 147 787 180856.1  0.9268 1262
UK100_14-C 7.9 7.5 0.4 8.0 178913.3 0.9086 326.5 85.1 13.0 72.1 185454.4 0.9258 117.6
UK100_15-C 7.2 6.5 0.7 8.0 167282.9 0.9064 338.3 93.3 14.2 79.1 180755.8 0.9278 122.9
UK100_16-C 6.9 5.6 1.3 8.0 124246.0 0.9171 282.7 76.4 14.0 62.4 129825.3 0.9352 140.2
UK100_17-C 6.9 6.2 0.7 7.2 215452.6 0.9212 308.6 859 13.5 72.4 225831.9 0.9372 132.0
UK100_18-C 7.4 6.1 1.3 8.2 142504.0 0.9234 320.7 67.3 10.5 56.8 150931.3 0.9401 86.3

UK100_19-C 8.4 7.5 0.9 8.8 158845.2 0.9152 346.5 93.8 13.5 80.3 163494.9 0.9287 174.3
UK100_20-C 7.7 7.4 0.3 7.8 143986.1 0.9076 314.1 102.4 14.5 87.9 148553.0 0.9198 111.0

Average 7.5 6.7 0.7 8.0 1631219 09149  313.0 855 13.6 71.9 170491.9  0.9293 139.8
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FIGURE 3 Convex hull for the Pareto front obtained during the two phases of 2PPLS. (a) Instance UK100_13-A - phase 1. (b) Instance
UK100_13-A - phase 2. (c) Instance UK100_13-B - phase 1. (d) Instance UK100_13-B - phase 2. (e) Instance UK100_13-C - phase 1. (f) Instance
UK100_13-C - phase 2

after each phase. The convex hulls of the fronts, which are required to identify the supported solutions, were obtained by
employing Graham’s algorithm [24]. A representation of the convex hull associated with some instances is depicted in Figure 3.
Note that as we use a heuristic in the first phase to solve the weighted sum problems, potentially nonsupported efficient solutions
can also be generated during the first phase. We also present in column #C. the number of calls to the mono-objective solver
during the first phase.
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FIGURE 4 Comparison of the Pareto front (first run) an attainment surfaces of 2PPLS vs WM vs WMN for instance 1 of type A

We can observe that the second phase substantially improves the results found in the first phase. The first phase is quite time
consuming: solving one single-objective PRP takes on average at least 30 seconds. It is thus important to find a good compromise
between the first phase and PLS. The second phase is much more faster than the first one, especially for the instances of Set A.
On average, PLS spends, for the instances of Sets A, B and C, 6.90%, 33.59%, and 30.51% of the total CPU time, respectively.
The reason for the larger CPU time required by the second phase when solving instances from sets B and C is the same as
explained previously, that is, the existence of tight time windows. As a result, the quality of the fronts obtained during the first
phase is not as good as the one associated with the instances of Set A. It is thus more challenging for PLS to improve the fronts
during the second phase. Nonetheless, the total CPU time of 2PPLS still remains competitive when compared to WM and WMN
(Tables 4 and 5).

In addition, the results also confirm what has been already hinted in [43]: the computational effort of generating a good
estimation of the Pareto front in the first phase can be extremely useful to enhance the performance of the second phase.

5.3.3 | Attainment surfaces

This section compares the worst, median and best summary attainment surfaces obtained by 2PPLS, WM, and WMN. However,
to limit the number of figures, we only expose the results obtained for the first instance of each type (thatis UK100-01-A, UK100_
01-B and UK100_ 01-C). Similar results have been obtained for the other instances. We also represent the approximations of
Pareto front obtained in the first run of each algorithm. The results for the instances of types A, B, and C are provided in Figures
4,5, and 6, respectively.

As already observed in Tables 3-5, we remark that the approximations of Pareto fronts of 2PPLS contains many more points
that WM and WMN. The points of WM and WMN are, however, well located and well spread. We also remark that the median
and best summary attainment surfaces of 2PPLS are clearly better than WM and WMN for all types of instances. Nevertheless,
for instances B and C, the worst summary attainment surfaces of 2PPLS are globally worse than those of WM and WMN. We
can explain that by the fact that for instances B and C, the number of weighted sum generation in phase 1 of 2PPLS is lower
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FIGURE 5 Comparison of the Pareto front (first run) an attainment surfaces of 2PPLS vs WM vs WMN for instance 1 of type B

than the number of weighted sum generation of WM and WMN. Therefore, the chances that all the weighted sum generations
of 2PPLS give low-quality results are higher than with WM or WMN, which make these algorithms more robust for instances
B and C. For instances of type A, the worst summary attainment surfaces of 2PPLS are better.

6 | CONCLUDING REMARKS

This article proposed a two-phase Pareto local search (2PPLS) for the bi-objective pollution-routing problem (bPRP). The
proposed algorithm combines the efficient ideas presented in [37] for the single-objective PRP with those developed in [43]
for general MO problems. We showed that using PLS allows to limit the number of computationally demanding weighted sum
problems solved in the first phase while keeping high-quality results, which is better than preceding state-of-the-art methods.
The method remains, however, simple; the same neighborhood operators are used in PLS and in the single-objective method.
Furthermore, the method proposed in this work could be easily adapted to solve other complex MO problems, for which an
efficient single-objective heuristic is known. The crucial part of such adaptation is to find the good compromise between the
number of weighted sum problems solved in the first phase and the size of the neighborhood used in PLS. As for future work,
we intend to propose a full automatic way to adapt a heuristic single-objective solver to obtain high-quality results for MO
versions of the same problem. Moreover, richer PRP variants, such as the time-dependent PRP [18, 19] and the heterogeneous
fleet PRP [33], might be addressed under a multi-objective paradigm.
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APPENDIX: COMPARISON BETWEEN THE PRP ALGORITHMS

In this section, we compare the performance of five algorithms for solving the mono-objective PRP, namely: the ALNS
algorithm by Demir et al. [11] (DBL12), the hybrid evolutionary algorithm by Kog et al. [33] (KBJL14), the ALNS algorithm
by Franceschetti et al. [18] (FDHWLS1 7), the matheuristic ILS-SP-SOA by Kramer et al. [37] (KSVC15), and a simpler version
of the latter that does not include the SP component (KSVC15-basic). This experiment has been performed in order to select
a fast yet efficient method to be integrated into our 2PPLS algorithm.

The computational environments where each algorithm was executed is provided in Table 9. Only the results for
KSVC15-basic have been obtained from our experiments. The ones for DBL12, KBJL14, KSVC15, and FDHWLS17 have
been collected from the references given in the second column of Table 9.

The results of each method are reported in Tables 2, 4. The first two columns contain the name of each instance and their
corresponding best-known solution (BKS). The remaining columns report the solution costs (Cost), the percentage gaps with
respect to BKS (Gap (%)), and the CPU time (T(s)) required by each method. The results for DBL12, KBJL14, and FDHWLS17
refer to the best solutions of 10 runs, while those for KSVC15 and KSVC15-basic refer to the average of 10 runs. Among
the state-of-the-art algorithms, only Kramer et al. [37] reported results for the instance sets B and C.
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TABLE Al Computational environments

Algorithm Reference Machine Lang. Prog.
KSVC15 Kramer et al. [37] Intel(R) i7-3440 CPU @ 3.40 GHz with 16Gb C++
KSVC15-basic Kramer et al. [37] Adapt. Intel(R) i7-6700 CPU @ 3.40 GHz with 16Gb C++
DBL12 Demir et al. [11] Intel Xeon(R) @3.00 GHz with 1Gb C++
KBJL14 Kog et al. [33] Intel Xeon(R) @2.60 GHz with 1Gb C++
FDHWLS17 Franceschetti et al. [18] Intel Xeon(R) X5675 @3.07 GHz with 96Gb Java

Although the algorithms have been tested in different computational environments, KSVC15 -basic appears to be the fastest
algorithm. Regarding the solution costs, KSVC15 was capable of finding better results for most of the instances. Nevertheless,
when comparing the average costs of KSVC15-basic with those of DBL12, KBJL14, and FDHWLS17 (Table 9), we can
observe that KSVC15 -basic still seems highly competitive, clearly outperforming DBL12. Based on these results, we decided
to use KSVC15-basic in our 2PPLS algorithm for solving the bPRP.
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TABLE A3 Comparing algorithms performance for solving the mono-objective PRP — Set B instances

KSVC15-basic KSVC15

Instance BKS Cost Gap(%) T(s) Cost Gap(%) T(s)
UK100_01-B 1591.20 1600.63 0.59 24.21 1594.84 0.23 83.29
UK100_02-B 1599.56 1610.68 0.70 21.53 1603.01 0.22 96.50
UK100_03-B 1500.40 1520.16 1.32 24.03 1506.67 0.42 229.98
UK100_04-B 1472.49 1478.86 0.43 22.41 1473.84 0.09 117.36
UK100_05-B 1488.73 1504.53 1.06 23.40 1493.42 0.32 108.81
UK100_06-B 1645.77 1658.09 0.75 22.17 1649.37 0.22 56.75
UK100_07-B 1508.05 1515.39 0.49 21.18 1510.73 0.18 80.10
UK100_08-B 1466.62 1493.19 1.81 20.37 1477.29 0.73 110.27
UK100_09-B 1377.64 1381.65 0.29 18.12 1380.30 0.19 60.76
UK100_10-B 1477.25 1487.24 0.68 20.34 1479.82 0.17 73.18
UK100_11-B 1618.94 1643.71 1.53 24.04 1630.02 0.68 71.22
UK100_12-B 1362.14 1384.53 1.64 20.94 1366.52 0.32 91.03
UK100_13-B 1605.99 1616.49 0.65 22.65 1606.47 0.03 68.06
UK100_14-B 1690.25 1694.06 0.23 22.20 1690.25 0.00 76.47
UK100_15-B 1734.92 1739.10 0.24 24.14 1735.18 0.01 56.36
UK100_16-B 1381.03 1395.53 1.05 20.81 1386.92 0.43 78.23
UK100_17-B 1678.04 1688.08 0.60 23.75 1678.78 0.04 118.82
UK100_18-B 1495.60 1519.16 1.58 20.84 1508.96 0.89 128.55
UK100_19-B 1400.28 1412.98 091 20.38 1401.65 0.10 86.72
UK100_20-B 1628.89 1632.23 0.21 19.85 1629.15 0.02 47.20
Average - 1548.81 0.84 21.87 1540.16 0.26 91.98

TABLE A4 Comparing algorithms performance for solving the mono-objective PRP — Set C instances

KSVC15-basic KSVC15

Instance BKS Cost Gap(%) T(s) Cost Gap(%) T(s)
UK100_01-C 1486.34 1504.03 1.19 19.35 1492.63 0.42 49.58
UK100_02-C 1431.55 1435.73 0.29 18.48 1432.84 0.09 56.86
UK100_03-C 1322.73 1333.32 0.80 19.08 1326.02 0.25 65.95
UK100_04-C 1377.73 1394.99 1.25 18.56 1382.50 0.35 80.26
UK100_05-C 1306.04 1326.00 1.53 17.47 1310.80 0.36 55.27
UK100_06-C 1485.99 1496.72 0.72 17.94 1487.86 0.13 46.01
UK100_07-C 1331.67 1342.76 0.83 17.32 1338.78 0.53 74.42
UK100_08-C 1373.20 1392.97 1.44 16.93 1380.89 0.56 62.02
UK100_09-C 1270.84 1285.12 1.12 17.27 1275.60 0.37 52.63
UK100_10-C 1329.95 134491 1.12 16.86 1335.22 0.40 56.29
UK100_11-C 1499.15 1519.03 1.33 19.77 1500.60 0.10 44 .47
UK100_12-C 1233.28 1243.68 0.84 16.13 1237.53 0.34 52.03
UK100_13-C 1442.65 1451.23 0.59 18.10 1443.21 0.04 56.31
UK100_14-C 1552.85 1560.44 0.49 18.30 1555.29 0.16 50.09
UK100_15-C 1625.66 1640.57 0.92 19.13 1627.87 0.14 64.80
UK100_16-C 1216.84 1233.15 1.34 16.86 1219.92 0.25 47.35
UK100_17-C 1553.50 1581.46 1.80 20.57 1563.23 0.63 109.41
UK100_18-C 1321.19 1348.61 2.08 18.58 1336.22 1.14 72.65
UK100_19-C 1272.96 1285.33 0.97 19.34 1275.42 0.19 83.30
UK100_20-C 1540.99 1551.29 0.67 17.67 1540.99 0.00 61.09

Average 1413.57 1.07 18.19 1403.17 0.32 62.04





