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Abstract

We consider the problem of designing vehicle routes in a distribution system
that are at the same time cost-effective and visually attractive. In this pa-
per we argue that clustering, a popular data mining task, provides a good
proxy for visual attractiveness. Our claim is supported by the proposal of
a bi-objective capacitated vehicle routing problem in which, in addition to
seek for traveling cost minimization, optimizes clustering criteria defined over
the customers partitioned in the different routes. The model is solved by a
multi-objective evolutionary algorithm to approximate its Pareto frontier.
We show, by means of computational experiments, that our model is able
to characterize vehicle routing solutions with low routing costs which are,
at the same time, attractive according to the visual metrics proposed in the
literature.

Keywords: Vehicle routing problem, Visual attractiveness, Clustering

1. Introduction

The vehicle routing problem (VRP) [I] is arguably one of the most classic
combinatorial optimization problems arising in the logistics chain. The VRP
consists in determining the routes that a certain fleet of vehicles must take
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in order to collect items at known customer locations. Each item typically
has a certain size or weight associated. The total amount (in terms of either
weight or size) of the quantities collected by a single vehicle cannot exceed
its capacity. In the most classical version of the VRP, the data (customer
demands, traveling times, time windows, etc.) are assumed to be all known
beforehand. A decision maker must then plan ahead the vehicle routes so
as to satisfy the demands of the customers at minimum traveling cost. The
VRP is, unfortunately, strongly NP-hard even for a single objective as the
traveling salesman problem (TSP) [2] can be polynomially reduced to it [3].

In the vehicle routing literature, the problem might be optimized regard-
ing other objectives and constraints such as makespan [4], CO, emissions [5],
earliness/tardiness of service [6], level of service [7], or fleet size [§]. Some-
times it is also possible or even necessary to integrate several such objectives
within multi-objective settings to explicitly account for the often conflicting
nature of many of them [9], [10].

Very recently, Rossit et al. [I1] wrote an extensive survey on the im-
portance of producing visually attractive solutions for the VRP as they are
more likely to be accepted by operators and practitioners, making easier their
adoption in practical situations. The attractiveness feature is sometimes con-
sidered so important in real applications that their evaluation by practitioners
might be done even during the optimization process itself [12] [13],[14]. Visual
attractiveness is not a property that can be easily expressed in mathematical
terms due to its subjectivity [I5]. In an extensive survey presented in [I1],
the authors state three properties that attractive vehicle routes must have:

i. compactness, which means that demand points in one route should be
relatively close to each other;

ii. non-overlapping or not-crossing, which means that the vehicles should
keep a certain separation among them while performing their routes so
that their routes do not cross each other; and

iii. low complexity, which is related to structural characteristics of each
route individually (e.g. number of intra-route crossings, number of
jagged turns).

Although often conflicting, the cost and visual attractiveness objectives
do not always present a negative correlation, e.g. [16, 7] show that the
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addition of visual constraints also improved the cost of the solutions for
some VRP variants.

In Rossit et al. [I1], the authors present a series of metrics for (i-iii)
which are used to compare the visual attractiveness of VRP solutions. In
this article, we argue that partitioning the demand points by means of clus-
tering methods naturally yields the desirable visual properties (i) and (ii).
Clustering is a popular data mining technique which, given a set of data
points, groups them to produce well-separated and homogeneous subsets,
called clusters [I§]. Homogeneity means that points in the same cluster
should be similar whereas separation means that points in different clusters
should differ one from the other. Unlike the tradition in the VRP literature of
performing clustering and routing sequentially, our framework allows for the
simultaneous consideration of both tasks, leading to low-cost, visually attrac-
tive routes in a more natural way. With that in mind, we introduce the VRP
with integrated minimization of the total routing cost and maximization of
the routes’ visual attractiveness based on clustering.

The remainder of this article is organized as follows. In Section [2| we
present a detailed literature review on clustering methods as a combinatorial
optimization problem. Besides, we survey a series of papers in which clus-
tering is used as a sub-routine within optimization methods for the VRP. In
Section [3| we provide a brief but precise description of our problem with a
formal multi-objective linear-integer formulation, including some illustrative
examples. In Section[d we describe an evolutionary algorithm capable of han-
dling large instances of our problem. In Section [5| we perform a critical and
experimental analysis of the VRPs results obtained by our multi-objective
evolutionary algorithm on some classical problems from the VRP literature
as well as on a real road network. Finally, Section [6] concludes the paper.

2. Related works

The literature on clustering algorithms, criteria and applications is vast.
For comprehensive compendiums we refer to Hansen and Jaumard [I§], Jain
et al. [19], Aggarwal and Reddy [20]. Cluster analysis is the task of group-
ing data that share similar characteristics, and to separate data that differ.
Clustering might be performed in many different ways depending on the cho-
sen clustering criterion, which defines the measure used to tell if a group of
objects is either compact or not, and at what extent.
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One of the most used types of clustering is that of partitioning, where we
look for a partition P = {C, ..., Ck} of a set of data points O = {01,...,0,}
into K clusters such that: (i) Cy # &, for k =1,..., K; (ii) Cx n Cp = I,
for 1 < k < ¢ < K; and (iii) uf_;Cx = O. The set of all K-partitions
of O is denoted P(O, K). In that setting (see e.g. [21]), clustering can be
seen as as a mathematical optimization problem whose objective function
f:P(O,K) — R, the clustering criterion, defines the optimal solution for
the clustering problem given by:

min{f(P): Pe P(O, K)}. (1)
Clustering methods group data points based on the clustering criterion
and on the dissimilarity (equiv. similarity) relations between the data points.
The dissimilarity d;; between a pair of objects (0;,0;) is usually computed
as a function of the data attributes, such that d values (usually) satisfy: (i)
d;; = dj; = 0, and (ii) d;; = 0. Hence, as dissimilarities do not need to obey
triangular inequalities, they do not necessarily represent distances.
The clustering criterion f defines how homogeneity is expressed in the
clusters to be found [I§]. There exists several clustering criteria in the liter-
ature. Among them, the diameter minimization (DMin) is expressed as

1 diit: 2
{C1I,I}-17%K}i<jir£%i(€ck{ Z]}’ ( )

which declares a cluster as compact if its two data points that differ the
most are still alike, or the minimum sum-of-cliques (MSC) which aims to
minimize the sum of all the dissimilarities between objects in the same cluster,
expressed as:

> Adyh (3)

k=11<j:0;,0;€Cy
If data points o; in O correspond to points of a s-dimensional Euclidean
Euclidean space, further concepts are useful. Homogeneity of a cluster Cj,
can then be measured in reference to a cluster center which is not in general
a data point belonging to the dataset. A very popular criterion for clustering
points in Euclidean space is the minimum sum-of-squares criterion (MSSC)
given by:

min Y1 > (o — wel)?, (4)

k=1 iZOiECk

4
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where | - || is the Euclidean norm and yy is the centroid of the points o; in
cluster Cy (due to first-order optimality conditions).

The clustering criterion used is determinant to the computational com-
plexity of the associated clustering problem. DMin, MSC and MSSC are
NP-hard in general [22] 23, 24]. Consequently, for larger problems, authors
usually resort to heuristics, such as the complete-linkage heuristic for diame-
ter minimization [25], or the k-means algorithm for minimum sum-of-squares
clustering [26].

Vehicle routing algorithms have, since the very early times, included clus-
tering subroutines to reduce the computational burden associated with the
routing of the entire problem. The sweep algorithm introduced by Gillet and
Miller [27] is an example of such decomposition. In the sweep algorithm,
customers are grouped according to their proximity using polar coordinates.
This can be seen as the ordering in which the nodes would be sweeped by
an imaginary clock hand. Fisher and Jaikumar [2§] proposed a so-called
cluster-first-route-second algorithm for vehicle routing problems in which the
customers are first grouped according to their proximity solving a generalized
assignment problem. For each cluster, a traveling salesman problem (TSP)
is then solved. Taillard [29] uses a similar decomposition in which the clus-
tering of the nodes is performed by solving a minimum spanning forest of
the nodes, rooted at the depot. A TSP is then solved for each subtree.

Recent heuristics are now less dependent on a pre-clustering of the nodes,
mainly because of the additional computational power available that allows
the simultaneous routing of several thousands of nodes at once within reason-
able time limits. However, some rich vehicle routing problems that are chal-
lenging even for medium-size problems still benefit from such decomposition
scheme [30, [31], B32]. Concerning the integration of routing and clustering,
Mourgaya and Vanderbeck [33] introduces a clustering problem that inte-
grates regionalization and route balancing. A routing decisional layer is only
included a posteriori. Their analysis suggests that by using the clustering
provided by this tactical planning the operator can find well balanced and
compact solutions, at the expense of larger routing costs. In [34], the authors
penalize vehicle routes that are deemed as non-compact. The penalty, de-
noted clustering penalty, is made proportional to the proximity of the demand
points to the median demand point of their routes.

The use of clustering sub-routines within VRP solution methods is also
connected to the concept of consistency [35, [36]. From the drivers perspec-
tive, routing plans in which customers are well-separated into contiguous,
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compact and balanced sub-regions are more coherent and consistent to their
daily activities. A way of bringing consistency to VRPs solutions is through
districting the customer locations according to some criteria such as conti-
guity and balance constraints [37, B8]. Each district is thus responsible for
the operations performed inside it. Districts can be understood as clusters
with specific strategical objectives. The works of [39, 4(] partition service
regions into districts using geographical criteria measures that yield compact
and balanced sub-regions.

Visual attractiveness plays an important role in the adoption of routing
plans, as practitioners may in part drive their logistics decisions based on
aesthetical considerations. A few remarkable examples in the literature have
successfully incorporated visual attractiveness metrics to enhance the robust-
ness of routing plans. Tang and Miller-Hooks [14] consider a routing prob-
lem with shape constraints. These constraints aim at imposing the visual
attractiveness of the solutions. The authors consider two such constraints
and embed these measures within a heuristic solver. This solver maintains
visually attractive routes all along the search, but at the expense of violat-
ing other constraints, and stop when the solutions become feasible. Sahoo
et al. [I2] develop a waste management system that considers —among other
criteria— visual attractiveness metrics in the design of the system routes.
They consider a simple swapping heuristic that moves stops from one route
to another if by doing so the routes become more compact. In Lum et al.
[41] the authors consider a minimax k-vehicles windy rural postman prob-
lem (MMKWRPP), a problem belonging to the broader class of arc-routing
problems. In the MMKWRPP, the objective is to design a set of k vehicle
routes to serve a series of arcs in a network, such as to minimize the cost of
the most expensive route. The authors propose a cluster-first-route-second
heuristic, and consider visual attractiveness at two levels: first to guide the
design of the initial clusters, and second within a local search improvement
heuristic. In Corberén et al. [42], the authors consider the same problem and
now introduce a mathematical model that includes some measures of visual
attractiveness explicitly via additional constraints and objectives. The latter
gives raise to a multiobjective model that they tackle by means of heuristics.

3. Problem description and mathematical formulation

The main contribution of our work is to show that classical clustering
methods widely used by the data mining community are able to provide
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visually attractive VRP solutions. To that purpose, we propose in this section
a new bi-objective vehicle routing model that simultaneously optimizes travel
distance costs and clustering objectives.

We are given a set of n + 1 nodes V' = {0,1,...,n}. The node labeled 0
represents the depot, whereas the remaining nodes represent the customers.
The set of customer nodes is denoted V*. With each customer ¢ € V*
is associated a demand a; > 0. We are also given a set of K identical
vehicles, each of which has a capacity equal to ). With every pair of nodes
(i,7),1 < j, is associated an edge {7, j} with a routing cost ¢;;. The VRP with
simultaneous optimization of the total routing cost and customer clustering
is the problem of routing each of the K vehicles, so as to visit every customer
node exactly once, while respecting the total demand collected by each vehicle
on its route. The objectives are: 1) to minimize the total routing cost; and
2) to minimize (or maximize) a clustering criterion associated to the different
vehicle routes. As it may be impossible to find a single solution that optimizes
both objectives simultaneously, the real goal of this optimization problem is
to find (or at least to approximate) the Pareto frontier [43], i.e., the set of
all solutions of the problem that are not dominated by any other solution.
A solution z is said to be dominated by another solution y if y is at least as
good as x for all the objectives, being strictly better for at least one of them.

To illustrate, let us consider problem E-n33-k4 from the classical CVRP
testbed. The optimal traveling cost solution for this problem has an optimal
traveling time of 835, and is shown in Figure The depot is represented
by the % symbol, and the edges used from and to the depot are omitted. A
possible clustering measure for this VRP solution could be obtained by MSSC
(4]), where each customer is located in a position of the Euclidean space under
consideration. The MSSC is then computed as the sum of squared Euclidean
distances of each customer to the centroid of the customers of the route it
belongs to. The MSSC value for the solution in Figure [Lais 13597.

Let us consider another solution to the problem in Figure [[bl-namely
a Pareto solution as identified by our evolutionary method to be described
later — of cost 849 (i.e. fourteen units higher than the optimal routing cost)
but with a lower MSSC of 7371. A quick inspection of these two solutions
reveals that the routes shown in Figure are more compact (property i.)
and more separated from each other (property ii.). One can hence argue that
the second solution is more visually attractive than the first one. Finally, a
third solution is presented in Figure [L¢f whose routing cost is 865 and MSSC
is 9789. It is not in the Pareto frontier, since it is dominated by the solution

7



23 of Figure [IH

Figure 1: Three solutions for instance E-n33-k4

E-n33-k4 E-n33-k4
Cost: 835 - Cluster: 13597 Cost: 849 - Cluster: 7371
495 F—1 I T T 495 F—1 KT T ™
480 + — 480 N
465 |- . - 465 -
450 - - 450
N 435 .
- 420 -
¢ . 405 ’ -
: - 390 | -
| | | : o] | [ | | 1 1 l
270 285 300 315 330 270 285 300 315 330
(a) Solution of minimum traveling cost (b) A Pareto solution
E-n33-k4
Cost: 865 - Cluster: 9789
495 F—1 TR 1 T ™
480 - -
465 - . 4
450 -
435 - -
420 + —
405 -
390 .
[ 1 1
270 285 300 315 330
(¢) A dominated solution
214 The VRP with simultaneous minimization of the total routing cost and
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optimal clustering can be formulated as a bi-objective mathematical opti-
mization problem, as follows. For each edge {7, j}, we let z;; be an integer
variable representing the number of times that edge {7, j} is taken by some
vehicle. For depot-to-customer edges {0,:},i € V*, this variable may take
integer values between 0 and 2, whereas for customer-to-customer edges it
is a binary variable. We also let y;; be a binary variable taking the value
1 iff nodes 7 and j are serviced by the same vehicle, for any two nodes
i,j € VT, i < j. Finally, we let f : B"*" — R be a real-valued function equal
to the clustering criterion under optimization. For notational simplicity, for
any set S < V, we denote z(0(S)) = Dlicgigsici Tii T Dics jgsinj Lii» and
if in addition S < V™', we also let 7(S) be a lower bound on the number
of vehicles needed to service the customers in S. It is common to define
r(S) = [Xjes@;/Ql. The following model —derived from the two-index
vehicle-flow formulation of the CVRP introduced by Laporte et al. [44]— is
valid for the problem:

min total routing cost = Z CijTij (5)
1,jeV,i<j
max or min clustering = f(y) (6)
subject to

2(3({i}) = 2 ievt ()
z(0({0})) = 2K (8)
z(6(9)) = 2r(S) ScV* S| =2 (9)
Ui > T i jeVti<j (10)
Vit — Uii — Yje +1 >0 i keVTti<j<k (11)
Vi — Yik — Yo 1> 0 i keVTi<ij<k (12)
Yik — Yij —Yik + 120 i keVti<j<k (13)
zo; € {0, 1,2} jeVv®t (14)
z;; € {0,1} i,jeVti<j (15)
yi; € {0,1} i jeV*ti<i (16)

In this problem, the two objectives —@ seek to simultaneously opti-
mize the total routing cost and the chosen clustering criterion, respectively.
In particular, objective is defined over variables  whereas objective @

9
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expresses a clustering criterion function defined over variables y. Yet, both
objectives use the Euclidean distances between customers as cost coefficients
(i.e., ¢ij = dij, Vi,j € V). Constraints —@ are classical VRP constraints:
degree, fleet size and capacity constraints, respectively. Constraints —
(13) impose that customers serviced by the same vehicle must belong to
the same cluster. More specifically, constraints impose that customers
that are visited consecutively in a route are associated to the same clus-
ter, whereas constraints — impose the transitivity of this relationship
between customers that are visited in the same route but not in sequence.
Finally, constraints — express the integer nature of the variables x
and .

4. Multiobjective evolutionary algorithm

In this section, we present a population-based multi-objective heuristic
for our bi-objective optimization problem. We have implemented a NSGA-II
algorithm which has been shown to be a very efficient heuristic for solving
multi-objective problems in general [45], both in terms of the quality of the
solutions found as in terms of their number.

The NSGA-IT uses two routines, namely the ranking and the crowding
distance, to sort solutions. The first computes for each solution the number
of solutions in the population which are dominated by it. The set of solutions
whose rankings are equal defines a Pareto front. Thus, the solutions with
ranking equal to zero are in the best Pareto front found so far. Ties are broken
by a second criterion, the crowding distance, which defines the distance of a
solution to its nearest neighbors in the Pareto front it belongs. The crowding
distance contributes to fill possible discontinuities in the Pareto fronts. Let
RC(x) and C'L(x) stand for the total routing cost and the clustering criterion
(here a minimization one) value of a solution z in the population, then the
crowding distance of x is computed as:

RCsuc(z) _ Rcfpred(x) CLsuc(x) _ CLpred(z)
4 R
RC’maw _ Rszn CLmam _ Cme
where suc(z) and pred(z) are respectively the solutions that succeeds and
preceeds x in its Pareto front in terms of function values. The maximum and

minimum routing costs and clustering values in the Pareto front to which x
belongs are given by RC™ RC™n C L™ CL™" respectively. Solutions

(17)
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corresponding to RC™™ and C'L™™ are set to have maximum crowding dis-
tance.
The pseudo-code of the NSGA-II framework is presented by Algorithm [I}

Algorithm 1 NSGA-II framework

P, < initial population

t—1

repeat
(); < genetic operators on P, + local search
Ry — P,u @
sort R; solution according to ranking
sort R; solution according to crowding distance
t—t+1
P, — selection(Ry)

until stopping condition satisfied

The NSGA-IT algorithm for our bi-objective vehicle routing problem builds
an initial population as done by Prins [40], i.e., by combining the solutions
obtained by the heuristics of Clarke and Wright [47], Mole and Jameson [48],
and Gillett and Miller [49], with solutions randomly generated. The offspring
is obtained by the application of the PMX and OX crossover operators largely
used in the literature by genetic algorithms for VRP problems (see [50] for
a survey). The crossover operators are randomly chosen and applied for two
parents randomly selected from P;. The operators are applied until that Q)
solutions are obtained, and so that |Q;| = |P;|. The @, solutions are in the
sequel randomly selected for mutation (with prob. of 30% in our experi-
ments). The mutation operator corresponds to the application of one single
random move in one of the following neighborhoods:

e reinsertion: one customer is removed and inserted in another position
of the route;

e 2-opt: two non-adjacent arcs are removed and another two are added
in such a way that a new route is generated;

e shift(1,0): one customer is transferred from its route to another route;

e swap(1,1): two customers from two different routes are permuted; and

11
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e swap(2,1): two adjacent customers from a route are permuted with a
customer from another route,

Each solution is then improved by a Variable Neighborhood Descent
(VND, [51]) local search in the same above neighborhoods in that exact or-
der, so that intra-route neighborhoods are used more often due to their lower
complexity of exploration. That local search is oriented towards improving
routing costs so that neighbouring solutions that deteriorate the clustering
criterion under consideration are discarded. Finally, after the solutions are
sorted, the next population is obtained by selecting the first |P;| solutions
according to their ranking and crowding distance.

5. Computational experiments

In this section we present and analyze the results of experiments aiming
at assessing the visual attractiveness of the VRP solutions produced by the
evolutionary algorithm of the previous section on optimizing the proposed
bi-objective model. For the experiments, we use a classical dataset from the
CVRP literature, namely the instances A-B-E-P available at http://vrp.
atd-lab.inf.puc-rio.br. In particular for these instances, we assume that
that the routing costs ¢;; are equal to the Euclidean distances between the
locations of customers ¢ and j the plane. The NSGA-II algorithm has been
implemented in C++ using the GNU g++ compiler v5.4, running under a
Linux machine with 4 GB of RAM, with an Intel Core i3-2310M @ 2.1 GHz.

The visual attractiveness of the obtained routes using different clustering
criteria are first assessed according to a set of visual metrics. In the sequel, we
observe the impact in the routing cost caused by the quest of more visually
attractive VRP solutions. Finally, the approximate Pareto frontiers obtained
by the NSGA-II heuristics are evaluated in terms of their effectiveness in
producing low-cost and visual attractive VRP solutions.

All the obtained VRP solutions can be found at https://github.com/
diegorlima/CVRP-bi-objective, where they are categorized and illustrated
according to the applied clustering criterion f used within our bi-objective
model.

5.1. Visual attractiveness metrics

Rossit et al. [I1] explore different metrics proposed in the literature for
assessing the visual attractiveness of VRP solutions according to properties

12
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(i)-(iil) described in section [I] The authors perform an in-depth correlation
analysis to reveal any dependence between the metrics and recommend the
use of a subset of them. Following the recommendations provided in [I1], we
evaluate the routes obtained by our VRP model using

e the compactness metric of [13]:

, avgDist,
comp, =

(18)

avgMazDist,’

where avgDist, is the average distance between two consecutive cus-
tomers in route r, and avgM ax Dist, is the average distance of the 20%
longest distances between two consecutive costumers in route r.

e The compactness metric of [34]:

comp? = Z di s (19)
S
where m,. is the customer located in the intermediate position of the
route r

e The proximity metric of [52]:

proxv, = —, (20)
where o, is the set of customers of route r that are nearer to the median
of another route r’ # r than to its own median. The median of a route
r corresponds to the location of the closest customer to the geometric
center of r which is calculated from the coordinates of the customers
assigned to it.

Our computational results regarding these three metrics are reported con-
cerning average values obtained from the set of K routes.

Another measure computed from the whole set of routes is the inter-
route crossing (cross) metric [13], which is simply computed as the number
of crossings between edges belonging to two distinct routes. This measure
does not count edges involving the depot node.
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Remark that the above visually attractiveness metrics are not trivially
modelled within typical VRP formulations. Consequently, they cannot be
straightforwardly incorporated into them.

Finally, we did not select in our study any metric to evaluate the com-
plexity of the individual routes obtained (property iii.), since the clustering
objective of our bi-objective VRP model does not yield less complex routes,
e.g. with less intra-route crossings, or smaller angles between consecutive
customers. That is, the clustering criterion influences how the customers
are partitioned among the routes, but plays no role on how to organize the
customers to be served by a specific vehicle.

5.2. Clustering criteria

We evaluate our bi-objective VRP for visual attractiveness introduced in
section [3| using three distinct clustering criteria f : R"™ — R commonly used
in the data mining literature, namely the diameter minimization (DMin) , the
min-sum of cliques (MSC), and the minimum sum-of-squares (MSSC). For
modeling DMin minimization, it suffices to replace @ by the minimization
of a variable D > 0 and add constraints

D > dijyij Za] € V+7i < j: (21>

where d;; > 0 represents hereafter the Euclidean distance between the loca-
tions of customers ¢ and j. As such, the resulting bi-objective optimization
problem is integer-linear. Analogously, clustering our model with MSC is
also integer-linear as @ is replaced by the minimization of

n n+l

21D dijis. (22)

i=1i<j

Conversely, the MSSC criterion in place of () yields a mixed-integer
non-linear optimization problem whose objective function is given by

1
Sy 2 dijys
Qi< j Yij 7

due to Huygen’s theorem [53]. Note that all the clustering criteria are ex-
pressed in terms of variables y only.

(23)
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5.3. Visual attractiveness

Tables[1] to[d] present the results of NSGA-II on optimizing our bi-objective
VRP model with each of the clustering criteria presented in section[5.2] Each
NSGA-II run is halted after 400 generations regardless of the criterion used.
Our limited computational experiments demonstrated that more generations
were not useful in obtaining different Pareto frontiers for the tested instances.
The tables report for each visualization metric average improvements yielded
by the Pareto frontier solutions over the solutions of minimum traveling cost,
which are excluded from the Pareto frontier for average computation. We
have verified that our NSGA-II always included the minimum cost solutions
in the obtained Pareto frontiers. Therefore, we report “-” whenever the
solution of minimum cost is the only one of the frontier. Moreover, if the
cross metric is already equal to zero in the solution of minimum cost, we
report an = which means that no improvement is possible in that case. The
tables report average improvements categorized by group instance.

15



%25 e+ %95 L8+ %9%* LG~ %TI'6c+  %VeTet  %89'CT- | %SFOI+  %00'6+ %170+ %017+ %SS'c+ %Syt DAV
%€8°0L+ %00°0 %eeee- | YPTSF+  %TT et %6STH | %LETI+  %T6'8+ %TS0+ | %63 T+ %87 ¢- %LT°¢- | OT-08U-V
* %00°0 - %68°€T+  %9G5°C- - %IFe+  BLLT+ - %08 T- %66°G- - 63-69u-V
- %00°0¢- %Eee eeT- - %889~ %€8"8- - %0 T+ %G 0+ - %96° €T+  %PETTI+ | 69-Gou-y
%.9'99+ %E€8° G+ %eeee- | %STIE+  %TT'8T+ %ILLI- | %ETST+ %99 TT+  %TT0- | %ILTI+ %066+ %V - 63-79u-Y
- %Eee ee- - - %606+ - - %180~ - - %86°9+ - 63-g9u-v
%TT TL+ %ee gL+ %ee"8- %8E'TS+  %6TFI+ %Ee6'8- | %PITI+  %LET+ %L V- %8€°9+  %0L0T- %€86- | 0TH-€9U-V
%LTLET-  %00°00T+  %L9°99C- | %oeTr+  %SL 8T+ %ST9- | %6L8I+  %ICEI+ %660+ %8¥°G- %TLOT- %076~ 8¥-g9u-y
%00°0 %000 %00°0 %GT 9+ %LE6+  %CLST+ | %9T 0+ %ae - %G0°T- %GT"€- %eeT+  %STF+ 6Y-19U-V
%ee e - %00°0 %98 v+ - %6TFI+ | %£09+ - %T6'0+ | %LE 0+ - %8¢°T- 63-09u-y
%6888+ %L9°99+  %00°00Z- | %SG09T+  YITTIT+  %8LLL | BIFCI+  %98TI+  %T8S | %SLFI+ %00 1T+  %LLSI+ | 6-¢Su-vy
%.9'99+ %00°0 %00°0 %8¢ L- %00°0 %281~ %LT 9+ BFTO0+  %Ee9T+ | %SL9t+ %FST+  %e6's+ LAPGU-y
%00°6z+ %00°6c+ %0008+ | %0S°LT-  %00°0T-  %000T- | %ITG+ %68+ %8S F+ | %IT'GT+  %9LGT+ %09 €I+ | Ld-gqu-y
%00°0 %00°0 * %0069+ %0002+ %00 8T+ | %LTTI+  %e06+  %TTe+ | %0¢0+  %08F+ %560~ LA-8YU-Y
%0009+ %Beee8+ %0008+ | %0007+  %68'8e+  %EL0Tt | %ISLI+  %SG98T+  %06'ST+ | %8ILt+  %66°0T+  %T86+ L-9pu-v
%1 8L+ %eeE8+  %L999+ | %Ee6'EE+  UETIP+  %EL e+ | %0003+  %90FT+  %I00T+ | %VE 0T+ %I99T+  %SGTT+ | LICPU-V
- - - - - - - - - - - - 9-GFU-y
%00°0G+ - 9%00°00L- %00°0 - %EEEET- | %0T T+ - %L]ET- | %96°0+ - %60+ 9-FPu-v
%00°00T+  %00°00T+  %L9°99+ | %eeeet+ %06FF+  %I8ET- | %LIU9T+  %00€T+  %P0¥H- %6.L'9- %Ee9°0T-  %OT'TI- 9-68U-Y
%00°0 - %00°0 %00°0 - %ILGE+ | %T09+ - %8V 9+ | %60Ve+ - %8€" - GY-6EU-Y
* * * %00°9T+ %299+ %000z~ | %9eT+  %OT0+ %8001~ | %880+ %28 T- %GeT- GY-8guU-y
* %00°GL+ % %eeeet  %0SLet  %00°0%- | %6V eI+ %VOET+  %9T' T+ %T6°G- %8 ¥+ %810~ 9Y-LEU-Y
%L9°99+  %00°00T+  %00°00T+ | %999+  %00°GL+  %SCFS+ | %6T 9T+  %Peee+ %V6'€T+ | %286 %ee"9- %60°G- GY-LEU-Y
%000 %0008+ %2999~ | %0CLE+  %00°SE+  %29°99- | %TE9t+  %9F8+ %EP"G- %950+  %88Tt  %T6'9+ SY-9gu-y
* %00°0 * %6L°8C+  %00°0¢+  BITTII- | %0S €T+  %6TTI+  %PI's+ %990~ %FS L+ %FST+ SY-pEu-y
%00°0 * * %0G° L+ %0SLe-  %00°GL- | %0z Lt %0% 1~ %E0"L- %9%°¢- %618 %28 0" 9Y-geu-y
%0009+ %eeee+  %LI9T+ | %98GE+ UTL OV %688E+ | %S9 L+ %0a L+ %G 0+ %61 T- %LG - %60 T+ GY-geu-y
%00°0 %00°0 %00°0 UPT ST+ %80TS+  %LO9T+ | BIOSI+ %SG 03+  %6F I+ | %0LF+  %eset+ ysest SY-geu-y
DSSIN DSIN uru(y DSSIN DSIN urw(g OSSN OSIN uru(g OSSIN OSIN urui(g aoue)sUf
$S0UD Lxoad MQEQO ﬂ&EOU

v dnoid jo sedour)suUI I0] S NSAI SOLIJOUI UOIYRZI[RNSIA ] 9[qe],

16



%09°G- %cL'e- %88‘8L- | YULV'CT+  %T9'0T+  %6TFT | %ESCI+  %0PFI+ %197~ %¥0'L+ %LE T+ %G+ DAV
%00°0 %eC eI+ %0009~ | %T9TT+  BLIFTF+  %USTST+ | %LTET+ %S0 ST+ %680+ %86°¢+ %E9 T+ %6LT- | 0T-8Lu-g
%00°9T+ %0002+  %00°3- %ee'G-  %EEET+  %LITI- | %6T0c+  %LS6T+  %EIOT+ | %SH6T+ %00 T+ %9z 1+ 63-89u-g
%TG IS+  %ee e+ %00°0 %ST°GT- %000 %Eee8- %eee+  %6LV+ %V L- %0L 1+ %¥1°0- %ee T+ | 0T-L9u-g
%L9°99+  %EEEGH+ %0003 | %UPT Lt %EVTT+  %FTLOT- | %EL9 %8G O0T+ %8G 8L- %196~ YEV'TT- %6ST+ 63-99u-g
%00°08¢- - %0008~ | %EE€I- - %00°0 %8L°C- - %L L- %066~ - %8%° T 63-Fou-g
%0006+ %0005+  %00°00T- %00°0 %€e"8- %IV I | %6e Lt %67 7~ %680~ | %6ETI+  %ITL+  %T00I+ | 0TI-€9u-g
%EE'8t  UTTTTtT  YEE'8ST- | %SL'8T+  %LI9E+  %00SH- | %6L8I+  %IL0T+  %EVLI- | %YL ET+ %9991+  %6E0+ 63-L5u-g
- - - - - - - - - - - - L3-L5u-g

* %000 * %LG8T- BLGE+  %TILY | BYEET+  %9T 6T+ %TS6- | %S STt %EV 0T+ %6V 9+ L-95u-g
%LI99T- %0008+  %ELee+ | %eeeet  %00°Gc+ %0003~ | %6600+  %EeSFet+  YLLET+ %189+ %L6°Ct+ %09 ¢+ L¥-geu-g
- - - - - - - - - - - - LTGu-g
%ST'99+ %0007~  %00°S+ | %L6'SE+  %L99T+ %006 | %TT6I+  %SIG+ %¥8°C- %90°0T-  %EFST- %FL L~ $3-0gu-g
%0009+ %2999z~ - %0G° LT+  %ee 8+ - %9F' 0T+  %99°¢- - %80°CT+  %T0¢+ - 23-0¢cu-g
- - - - - - - - - - - - 9-gpu-g
%0008~ %00°0 %00°008- | %I L+  %6TFI+  %00°00T- | %SG T+ %68 T- %8G°8T- | %¥e0+ %eev+  %LT LI+ | gIshu-g
%eees+ %0068+  %ET I+ | YT IR+ %ECEE+  %E90T+ | %T9Eet %8S TE+  %80°LT+ | %60 TI+  %8L T+ %6T ST+ | Lhhu-g
%0008+ %0008~  %FTLS- | %98'eS+  UTILGE+  %LV'ETt | %8916+  %T0Ict %8V LA+ %007~ %96°G- %€9°¢- o-gpu-g
* - * %0829~ - %eeee- | %ITet+ - %6501~ | %¥ret+ - %965+ 9-Thu-g
%006+ %000 %00°00T- | %E8'0T+  %ee'ee+  %99°G- %TS 9t %EY8+  %VE 8t %L6'S+  %UVTTI+  %ST6I+ | SY-egu-g
%000 %00°0 * %LE'BET  %LITF+  %00°CT+ | %ST'9g+  %PeLet  %9EIT+ | %PLIT+ %6 FI+  %OT'TII+ | 99-8eu-g
%00°0 %00°0 %00°0 %0007+ %0008+  %ELEE- | %I ET+ %668+ %LV TTH | %ET T+ %G 0+ %912~ gy-geu-g
* * * %L ST+  %EF T+  %9SAT- | %ISG+  %ES9+ %eeer- | %See ot %.L8°0- %EV"C- SY-peu-g

* - %00°0 %eeget - %L9°99- | %299+ - %T9°L- | %LV'9T+ - %68 6+ gy-1guU-g
DSSIN OSIN ururCy DSSIN OSIN Uy DSSIN OSIN urui(g DSSIN DSIN uru g aoue)sUf

$S0UD Lxoud mmwzzcu w&Ecu

g dnoi8 jo seoue)SUI 10J SHNSAI OLIJOUL UOIIRZI[ENSIA 7 S[q®],

17



%F9‘ L+ %0S°C1- %00°TE- %676~ %6LTT+  %L0CH- %T8 T+ %IT T+ %¥6'ct+ %191~ %1E'T- %0.L°0- DAV
%0G°L8 %EE8+  %00°00T- | %ELTIE+  %TLTE+  %9LTVT- | %PSSH+ %6TT+ %807~ %89°L-  %STIT-  %FITC- S-T0TU-H
- - - - - - - - - - - - PI-TOTU-AL
%00°0 %00°00T- %0007+ | %L99T+  %RITTI-  %STTEe+ | %TT T+ %PT0-  %PS eI+ | %0LT- %000  %I8FI+ $A-9Lu-H
* * - %G T- %G G+ - %F60+  BES T+ - %09~ %8¢°G- - L-9Lu-H

- %00°0 - - %00°0 - - %16°0- - - %8¢°6+ - PI-9LUu-H

- - - - - - - - - - - - 0T-9Lu-H
%00°0 %00°0 * %EEEE- %ELee- %Ee8t % T~ % T~ %8L°0- EL T+  %ELT+ %6T I+ S-Tqu-g
%eeE8+  %LIIT+ %00°0 UISFI+  UFF TP+ %8L LT+ | %T0€Tt+  %LE 0T+ %60°0c+ | %T0G- UIVT-  %EVT+ P-geu-o
%0006+ - %00°00T- | %00°0ST- - %0008~ | %Sve- - %68 TT- | %69 TI+ - %.L5°C+ e-0gu-o
* * * %G%"9- BLTT+  %0STI+ | %606+  %0F S+ %886+ %89 T~ %P90+ %I+ e-gou-o
%00°0 %00°0 %00°0 %0006+ %0005+ %00°0 %SF 9+ %SE 9+ %SG %G1 F- %ST ¥~ %661~ PI-cgu-d
DSSIN OSIN Uy DSSIN DSIN Uy DSSIN OSIN urui(g DSSIN OSIN uru (g aoue)sUf

$S0UD Lxoud mnmtcu MQES

 dnoi8 Jo seouRISUI 0] SINSAI SOLIJOUL UOTJRZI[BNSIA € 9[R],

18



%ET 61+ %CITT+  %80°LL- | %LS'€E+  %E0TT+  %8ETT- | %¥6'Lt  %90'T+ %YLV~ %09‘L+ %68 T+ %LE 0+ DAV
%0070 * * WBI6'ELT  %ST 09+  %8LVE+ | %S6'G6C+  %I1STet+  %6S0C+ | %90 ¥+ %SC 6 %997+ 7I-10Tu-d
- - * - - %E€E '8+ - - %V¥ 0+ - - %881~ ay-9Lu-d
%0070 - %00°0 %L0° 9T+ - WY1 L+ %y8 v+ - %960+ %98 ST+ - %60°0¢+ 7-9Lu-d
- - %00°00G- - - %S8LLL- - - %2991~ - - %09°LT- | OT¥-0Lu-d
%0070 * * %S1°9C+ 2%00°0 %80°€C+ %86°¢+ %P0+ %9¢°0+ %81°¢- %80 T+ %L 8- 0T3-g9u-d

- - * - - %S 1g- - - %¥6°G- - - %02 ST~ STY-09u-d
%Eeee %00°S¢- %00°00T- | %EEET+  %EECET+  %9S ST+ %he e+ %I T+ %T0°e+ %I ET+ RITeT+ %e81- 0T3-09u-d
%0070 %00°0 %00°0 %GS VSt %ST'EF+ %8I'SI+ %G8 L+ %178+ %Se 1+ %LT ST~ %0¥° ST~ WLLT- L3q-gqu-dq
%0070 2%00°0 * %0006+ %00°0g+ %00°0T- %ST LT+ %989+ %989+ %190+ %601+ %S ST+ 83-gqu-4
- - %06°291- - - %6G°0L- - - %2L6° LS~ - - %9¢ 8T~ ST-gqu-d
%00°00T+  %00°00T+  %E€Eee+ | VL 0F+  %LI 9T+ %€9°6¢- %Y1 0T+ %€9° L+ %IT 1+ %L ET+  %BIT ST+ %L6°¢+ 0T3-gqu-d
%00°0G+ %0008+ - 2%00°0 2%00°0 - %EV 1+ %EV' 1+ - %SV I+ %SV Tl+ - 0T-19u-d
- - - - - - - - - - - - 8Y-0Su-d
%Eee ee+ %00°0 %2999~ %00°0- %2991~ %ee 8S- %00°¢+ %987~ %G9 16 %SV TT+ %8G ¥+ %08 T+ 0T3-0Gu-d
%00°0 %00°0 * %0002+ %0005+ %0S°CC- %RETI+ %I ST+ %LV S+ %BEETE+T  %SEVet+  %ISTVI+ L3-09u-d
- %00°0 - - %L TV + - - %I T+ - - %8V ¥+ - a-gyu-d
%0070 %00°0 %00°0 %0062+  %00°6c+  %00°GC+ %19'c+ %C1' ¢+ %07 ¢+ %IS'T- %90°G- %066~ a-0vu-d
- - - - - - - - - - - - -ggcu-d

- %081+ %00°6C+ - %S9 %08°CT- - %ET'T- %88°G- - %L1 0T~ %1101~ 83-¢cu-d

- - - - - - - - - - - - ¢q-ccu-d

- - - * * * - - - - - - ¢A-1gu-d
%00°00T+ %000+ %000 %L9°99+  %egeet %000 %206+ %190+ %8¢ ¢+ %08°T- %€ 0T~ %06°11- ¢M-0cu-d
%000 %00°00T+ - %00°05+ %00°0 - %€T 0+ %0L°C+ - %8 ¢+ %.L6°ST- - cA-6Tu-d
- %00°0 * - %00°00T-  %00°00Z- - %90°9- %606~ - %8Y v+ %0L¥E+ SM-91u-d
DSSIN OSIN urwrq OSSN DSIN urwrq OSSN OSIN aruq OSSN OSIN ur Poue)suy

$S0U4D “Lxoad mmu(zcu wm:tcu

d dnoid jo seoue)sul 10J SINSOI SOLIJOUI UOIJRZI[ENSIA f 9[e],

19



383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

We remark from Tables [1l to [ that:

e For 10 out of the 85 VRP instances tested, NSGA-II was not able to find

a Pareto front solution containing other solution than the one that min-
imizes cost, and that regardless of the clustering criterion used. This
means that for these instances it is not possible to improve the visual
metrics of VRP solutions by adding a second clustering optimization
objective.

By using MSC and MSSC our bi-objective model is very often able to
improve the visual attractiveness metrics of the minimum cost solution.
In average, the visual attractiveness metrics were improved in all groups
of routes by the use of the MSC and MSSC clustering objective, except
for metric cross in group B instances and comp? for group E instances.
The average improvements reach up to 7.60% for comp’ in instances of
group P, 14.40% for comp? in instances of group B, 33.57% for prox,
in instances of group P, and 37.26% in instances of group A.

MSSC seems to be the most effective clustering criterion for improv-
ing the visual attractiveness of VRP solutions. The obtained Pareto
frontier solutions improved the comp] metrics in approx. 64.6% of the
instances, the comp} in approx. 93.8%, the proz, in approx. 75.4%,
and cross in 50.9% of the cases.

The DMin clustering criterion appears to be the least successful for im-
proving the visualization metrics on average. Figure 2 presents a pair
of Pareto solutions obtained by NSGA-II for instance A-n33-k4 using
DMin as clustering objective. The solution in Figure (a) corresponds
to the minimum cost solution. The reader can observe that the VRP
solution obtained with DMin minimization is more compact in terms
of the maximum distance between two customers in the same route.
However, a drawback of the DMin criterion is that it might produce
routes in which customers from different routes are close to each other,
a phenomenon known as the dissection effect in the clustering litera-
ture (see e.g. [54]). This is due to the fact that the DMin criterion is
seldom affected by the grouping of two close customers. Consequently,
it is indifferent to the DMin criterion if they are grouped together or
not in the optimal Dmin solution. This may lead to several inter-route
crossings as observed in the Pareto solution illustrated in Figure (b)
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Figure 2: A pair of Pareto solutions for instance A-n34-k5 for DMin clustering criterion.
The maximum distance found among two customers in the same route are indicated by

dotted lines in the solutions.
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(a) Solution of minimum traveling cost
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(b) A Pareto Solution

e The cross metric is particularly difficult to be improved for intances of
the group E and P. When inspecting these instances, one often finds
clusters that are clearly defined, which in turns makes the minimum-
cost solutions naturally well clustered.

5.4. Traveling costs

We next check the effect of the quest for better visual attractiveness
metrics values in the solution routing costs. Figure |3| presents the average
increments in the routing costs of the Pareto solutions with respect to the
optimal VRP solution. Besides, we show the average gains (or average de-
terioration) regarding the visualization metric values also with respect to
the optimal VRP. The bar graphs in the figure are separated by clustering
criterion and VRP group instance.

We can observe from the plots that, except for DMin, the average visual-
ization gains yielded by the clustering objectives are almost always superior
to losses in the routing costs. This is indeed a limited conclusion which con-
siders routing costs and visualization attractiveness as equally important,
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Figure 3: Average deviations of the routing costs and visualization metrics with respect
to the optimal VRP solution
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which is not the case for a vast amount of VRP applications. Yet, it is in-
teresting to remark that improving visualization metrics, particularly with
MSC and MSSC clustering, does not imply large increases of routing costs —
they never exceeded 4% in average for the tested group instances.

5.5. Effectiveness results

In order to assess in an integrated way the effectiveness on improving
the visualization attractiveness of routes by using a clustering objective into
VRP models, we analyze the hyper-volumes (see e.g. [55], 56] for details about
hyper-volume computation) of the Pareto solutions obtained by the NSGA-
IT heuristic with each clustering criterion. For example, Figure [4] illustrates
the Pareto frontier obtained for instance A-n45-k7 using the MSC clustering
criterion.

Figure 4: Pareto frontier for instance A-n45-k7 obtained by the NSGA-II algorithm using
MSC as clustering criterion.

3800 T T T T T T

3600 [

3400

3200 |

3000 [

MSC

2800
2600 |
2400
2200 | X

. . . . . .

1120 1140 1160 1180 1200 1220 1240
VRP Cost

As we aim to assess the effectiveness of the obtained Pareto frontiers
regarding their visual attractiveness, we changed the original Pareto front
space, that is, the two-dimensional objective function space composed by
and @ as shown in Figure , to that of and the visualization metric
under consideration. Figure [5| shows the same Pareto front solutions plotted
in Figure [d now translated to the spaces of the VRP routing costs and each
of the visualization metrics: comp,, comps, prox, and cross.
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Figure 5: Pareto frontier solutions of Figure [4] in the objective function space composed
by the VRP costs and each of the visualization metrics.
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Hypervolumes are computed from these transformed spaces and compared
regarding each visualization metric, and taking into consideration the solu-
tions obtained by NSGA-II using each one of the tested clustering criteria.
Hypervolumes are computed with respect to reference points that correspond
to the worst obtained routing cost and visualization metric value found across
the analysed solutions. Figure[f|illustrates, for instance A-nd5-k7 and comps,
the hyper-volumes of the projected solutions obtained by NSGA-IT consid-
ering DMin, MSC and MSSC. The reference points are the upper rightmost
points exhibited in the plots. We note from the figure that MSC is the crite-
rion that yields the largest hyper-volume among the compared models, which
means that it is the most effective clustering criterion for instance A-n45-k7
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regarding comps.

Tables — present the computed hyper-volumes regarding each clus-
tering criterion. Note that we have omitted from our analysis the instances
for which the sole Pareto front solution found by the NSGA-II heuristic using
any of the three clustering criteria corresponds to the minimum-cost solution.
We observe in the tables that the VRP model with the DMin criterion is
almost always surpassed or equated by model with the MSC and MSSC cri-
teria. By specifically contrasting the last two, we notice that MSSC is more
effective for the prox, and cross metrics, and largely better regarding the
compy metric. Regarding the comp; metric, MSSC and MSC present similar
performance — MSC is superior for 10 instances while MSSC is superior for
13. The Pareto frontiers obtained by NSGA-II with these two criteria have
equal hypervolumes regarding cross for other 38 instances.

Table 5: Hypervolume for instances of group A

DMin MSC MSSC

Instance compl comp? prox, cross|compl comp? prox, cross|compl comp? prox, cross
A-n32-k5 83 3114 79 77 83 7291 83 7T 84 9084 84 4
A-n33-k5 72 3014 73 187 71 4645 75 182 72 4960 75 186
A-n33-k6 72 4760 83 280 72 5240 83 280 72 6763 86 280
A-n34-k5 112 11558 113 582 109 10910 116 582 116 14063 118 582
A-n36-kH 103 7038 112 484 104 11067 119 475 104 10791 119 392
A-n37-k5 103 7262 112 156 104 11149 117 166 108 11908 121 194
A-n37-k6 68 2114 69 260 70 5148 75 244 70 7175 74 260
A-n38-kH 58 7524 61 228 58 8649 64 228 58 8623 65 228
A-n39-k5 77 1936 68 65 75 65 65 65 75 105 65 65
A-n39-k6 159 6384 164 231 161 20914 176 290 159 21889 173 289
A-n44-k6 190 54900 237 1440 190 54900 237 1440 196 59560 241 1581
A-n45-k7 96 4924 84 162 96 15068 92 339 96 12843 90 318
A-n46-k7 81 5818 75 126 81 4523 75 143 81 5718 75 123
A-n48-k7 91 3061 90 258 91 4597 90 258 92 5981 93 258
A-nb3-k7 42 545 40 51 42 530 40 49 42 606 40 51
A-nb4-k7 104 1697 102 241 103 276 101 188 103 2471 101 278
A-n55-k9 117 8346 123 535 117 18011 126 635 117 19088 129 637
A-n60-k9 68 358 65 192 67 64 64 192 69 1899 69 228
A-n61-k9 32 713 31 31 33 753 32 31 33 753 31 31
A-n62-k8 112 1840 110 416 111 3146 110 430 114 13636 117 416
A-n63-k10 120 12320 119 365 126 18623 124 616 118 20672 130 567
A-n63-k9 30 232 29 58 30 232 29 58 30 464 29 58
A-n64-k9 197 11562 187 985 199 29369 201 1262 194 32744 199 1239
A-n65-k9 56 870 52 150 55 821 52 150 55 800 52 150
A-n69-k9 38 37 38 74 39 347 38 74 40 855 38 74
A-n80-k10 159 7498 144 654 162 12075 147 674 155 21991 158 863

Finally, Figure [7] presents a smoothed histogram for the number of times
a Pareto frontier with a given number of Pareto solutions was obtained by
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Figure 6: Hypervolumes of NSGA-II solutions for instance A-n45-k7 regarding each tested
clustering criteria with respect to comps metric.
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(c¢) Hypervolume of NSGA-II solutions using MSSC as cluster-
ing criterion regarding compa.
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Table 6: Hypervolume for instances of group B

DMin MSC MSSC
Instance | comp: comp? prox, cross|compl comp? prox, cross|compl comp? prox, cross
B-n31-k5 13 108 13 36 13 108 13 36 13 115 13 36
B-n34-k5 133 21168 137 1638 131 27281 150 1638 130 25408 147 1638
B-n35-k5 44 2447 47 43 44 13120 51 43 44 12896 50 43
B-n38-k6 38 2733 38 72 38 3491 39 72 38 3705 39 72
B-n39-k5 55 1425 52 196 55 1821 54 229 55 1826 54 234
B-n41-k6 30 1624 31 87 30 1624 31 87 30 2274 31 87
B-n43-k6 80 3267 78 257 80 8754 79 219 79 10767 83 244
B-n44-k7 86 7352 81 264 86 8527 82 317 86 9147 83 315
B-n45-k5 79 8954 86 444 79 8954 88 444 79 9830 87 444
B-n50-k7 37 805 36 245 37 805 37 245 37 2599 39 274
B-n50-k8 67 6414 73 236 67 6704 72 195 67 10770 77 357
B-n52-k7 50 2238 54 226 50 5084 56 238 50 4145 56 196
B-n56-k7 49 1936 47 264 49 3973 48 264 49 3898 47 264
B-n57-k9 110 21293 114 891 109 28767 118 999 109 31017 120 1065
B-n63-k10 | 169 6561 177 1590 169 4452 177 1658 169 8494 178 1762
B-n64-k9 115 4560 118 912 114 4560 118 912 114 4560 118 912
B-n66-k9 242 122640 295 2880 | 253 146698 309 3581 245 122640 303 3636
B-n67-k10 | 120 5198 125 248 119 7714 125 360 119 7963 126 392
B-n68-k9 102 6125 96 424 102 13702 100 484 101 14313 98 536
B-n78-k10 | 121 4337 118 560 121 17501 123 815 120 12741 119 644

Table 7: Hypervolume for instances of group E

DMin MSC MSSC
Instance comp! comp? prox, cross|compl comp? prox, cross|compl comp? prow, cross
E-n22-k4 21 147 21 21 21 381 22 21 21 381 22 21
E-n23-k3 98 7064 112 376 102 6862 114 376 100 7819 113 376
E-n30-k3 21 1121 23 38 21 1121 23 38 21 1124 23 46
E-n33-k4 35 2539 36 68 35 2031 36 81 36 3733 39 94
E-n51-k5 7 70 7 14 7 70 7 14 7 70 7 14
E-n76-k14 38 252 36 36 38 252 36 36 38 252 36 36
E-n76-k7 89 2604 92 252 91 3383 93 252 96 4717 94 252
E-n76-k8 2 135 2 4 40 10803 51 195 60 17440 T 348
E-n101-k14 1 1 1 1 33 6699 40 132 10 1370 11 40
E-n101-k8 71 6307 58 742 147 33387 146 2014 112 30110 116 1649
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Table 8: Hypervolume for instances of group P

DMin MSC MSSC
Instance | compl comp? prow, cross | compl comp? prox, cross|compl comp? prox, cross
P-n16-k8 9 49 8 14 9 49 8 14 9 49 8 14
P-n19-k2 25 72 24 24 25 78 24 25 25 126 26 24

P-n20-k2 26 368 24 24 24 202 24 25 24 698 26 47
P-n22-k8 34 448 33 53 32 514 33 33 32 448 33 64
P-n40-kb 37 52 37 37 39 411 38 37 38 447 38 37
P-n45-kb 8 7 7 7 8 79 7 7 8 7 7 7
P-n50-k7 66 1428 56 212 66 3066 59 212 66 3179 59 212
P-n50-k10 | 151 17556 150 396 151 17556 150 396 154 19088 154 553
P-n51-k10 4 4 4 4 4 10 4 5 4 10 4 5
P-n55-k10 | 44 154 38 44 44 210 38 40 44 966 39 54
P-nb5-k15 | 227 54707 277 3178 | 227 54707 277 3178 | 227 54707 277 3178
P-n55-k8 92 120 85 166 92 749 85 166 92 3803 88 166
P-n55-k7 59 530 o7 56 62 1475 59 56 63 1707 61 56
P-n60-k10 65 472 58 116 65 1148 60 116 65 1253 60 116
P-n60-k15 | 47 1288 49 92 46 1288 49 92 46 1288 49 92
P-n65-k10 36 168 35 102 35 278 34 102 36 1120 36 102
P-n70-k10 92 9292 101 552 92 9292 101 552 92 9292 101 552
P-n76-k4 33 57 27 27 33 27 27 27 33 965 28 27
P-n76-kb 10 14 10 20 10 10 10 20 10 10 10 20
P-n101-k4 70 9598 58 168 76 16344 62 168 70 19249 64 168

NSGA-IT across the 85 instances of groups A-B-E-P. The figure illustrates
three smoothed curves, one for each clustering criterion used by the NSGA-
IT heuristic. We can observe the Pareto frontier obtained with the DMin
criterion often contains less solutions than those obtained with the MSC and
MSSC criterion. Yet, the later appears to be the clustering criterion yielding
the most populated Pareto frontiers.

5.6. FExperiments with a real-world network

In this section, we assess the visual attractiveness of VRP solutions ob-
tained by NSGA-II on a real-world street network. In that case, the routing
costs are no longer equivalent to the Euclidean distances between customers,
as we considered for the A-B-E-P instances, but rather to the smallest travel
time between customers in the network. Thus, we intend to evaluate our
bi-objective proposed model in a more realistic testing scenario.

As underlying topology for our tests, we used the Washington D.C. net-
work from the 9th DIMACS Implementation Challenge [[, which consists of
a network with 9559 nodes and 14909 edges.

lavailable at http://users.diag.uniromal.it/challenge9/data/tiger/
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Figure 7: Frequency of the number of solutions at the Pareto frontier obtained by each of
the clustering criteria

25

20

15

——
——

Frequency

=
o

0 \I —E—a—a— —_—
7 8 9 10 1 18

1 2 3 4 5 6 1 12 13 14 15 16 17

Number of solutions at the Pareto Frontier

We have created three categories of instances from the D.C. road network,
with 30, 50 and 75 randomly selected nodes that represent customer locations
plus the depot. For each one of these quantities, we create three distinct
instances with K = 3,4 and 5 vehicles. We consider a unitary demand for
the customers, and vehicle capacities of [7] so that all the vehicles are used.

Table[J] presents the results of our NSGA-II on optimizing the proposed bi-
objective VRP model with each one the clustering criteria: Dmin, MSC and
MSSC. For this set of experiments, the evolutionary algorithm was halted af-
ter 800 generations. The illustration of all the obtained Pareto front solutions
for this experiment can be also found at https://github.com/diegorlima/
CVRP-bi-objectivel
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We remark from the table that:

e For all the tested instances, by using the MSC and MSSC criteria, the

NSGA-II was always able to find a solution in the Pareto frontier other
than the solution of minimum traveling cost. This result was somehow
expected as the customers tend to be more spread in the same route by
using travelling times instead of geographical distances (e.g. customers
connected by a highway may be distant in the space albeit quickly
reachable one from the other).

By using the clustering criteria as second objective, our bi-objective
model appears to very often improve the considered visual attractive-
ness metrics. In particular, the MSC and MSSC criteria were always
able to improve those metrics in average.

We illustrate in Figures[8land [9]a pair of Pareto front solutions obtained
by NSGA-II for instance DC-n75-k4 and instance DC-n75-k5 using the
MSC and MSSC clustering objectives, respectively. The solutions in
the left correspond to the solutions of minimum traveling cost.

Figure 8: A pair of Pareto solutions for instance DC-n75-k4 for the MSC criterion

DC-n75-k4 DC-n75-k4
Cost:301278 - Cluster:126121 Cost:309709 - Cluster:113597

T T T T
2 Pom

(a) Solution of minimum traveling cost (b) A Pareto solution

e Again MSSC seems to be the most suited clustering criterion for im-

proving visualization metrics, while DMin again appears to not be the
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Figure 9: A pair of Pareto solutions for instance DC-n75-k5 for the MSSC criterion

DC-n75-k5
Cost:311306 - Cluster:5787

DC-n75-k5
Cost:317725 - Cluster:5292

T T T T
) )

1 1 Il Il

(a) Solution of minimum traveling cost (b) A Pareto solution

least suited with approximately 50% of success rate. Average improve-
ments by MSSC attained 34.84% for the prox, metric.

6. Concluding remarks

This article introduced a bi-objective vehicle routing problem with simul-
taneous minimization of traveling costs and clustering criteria, as a proxy to
characterize routing solutions that are cost effective and visually attractive.
We have introduced a compact two-index vehicle-flow model and a NSGA-II
metaheuristic algorithm to approximate its Pareto frontier. By means of an
extensive computational campaign, we assess the impact of three clustering
criteria in producing visually attractive and cost-effective solutions: diam-
eter minimization, min-sum of cliques, and minimum sum-of-squares. Our
results suggest that the latter two clustering objectives are best to produce
good-quality solutions according to the visual attractiveness metrics found
in the literature while keeping the traveling costs low. Moreover, our meta-
heuristic is general and has the potential to be applied to other variants of
vehicle routing problems. As an avenue of future research, we believe that
extending this work to problems with time windows, or to location-routing
problems would be worthy of investigation. Another potential avenue of
research would be to investigate the use of other objectives to enforce the
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routes to be of low complexity, which as we explained, cannot be enforced
by clustering objectives alone.
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