Variables:
Xjk. 1 if vehicle k goes from node i to node j, O otherwise
yk. 1 if vehicle k is used, O otherwise

s;,- Is defined for each vertex i and each vehicle k and denotes the time vehicle k starts to
service customer i

Parameters:

ry;- demand 1 customer i

q,: capacity 1 of vehicles

q, - capacity 2 of vehicles

[a;, b;]: time window customer i

t;;- travel time from customer i to j includes service time
Cyj5: Travel time from node i to node |

Cy;i- Travel distance from node i to node j

d;;: is the linear distance from client i to client j
N: total number of customers (nodes)

V: total number of available vehicles

C: set of Customers

Objective function:
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In this paper we propose a multigraph model and a heuristic for the Vehicle Routing Problem with Time
Windows (VRPTW). In the classical VRPTW, travel information is commonly represented with a customer-
based graph, where an arc is an abstraction of the best road-network path between two nodes. We con-
sider the case when parallel arcs are added to this graph to introduce different compromises between

travel time and cost. It has been shown in the literature that this multigraph modeling enables substan-
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tial gains in the solution quality, while highly complicating the problem. We develop an Adaptive Large
Neighbourhood Search (ALNS) heuristic in which a special data structure and dynamic programming al-
gorithms are used to efficiently address the multigraph setting. Computational experiments on several set
of instances demonstrate the effectiveness of our solution method and the impact of alternative paths on
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1. Introduction

Distribution is one of the most essential components in logis-
tic systems. It is estimated that almost half of the logistic costs
are due to distribution and, for some industries, this accounts for
up to 70% of total costs (De Backer et al., 1997). The Vehicle Rout-
ing Problem (VRP), introduced by Dantzig and Ramser about sixty
years ago (Dantzig and Ramser, 1959), attempts to optimize dis-
tribution costs. The study of the VRP has been highly influential,
as attested by the impressive number of publications on this topic
(Toth and Vigo, 2014).

Basically, vehicle routing problems compute a minimum-cost
set of vehicle routes that start and end at a depot. Each cus-
tomer has to be supplied exactly once and each route has to sat-
isfy constraints such as vehicle capacity, customer time windows
or route duration. In most studies, geographic information is ex-
pressed with a so-called customer-based graph, where nodes rep-
resent points of interest (customers, depot) and arcs symbolize a
path between these nodes in the road-network. In many cases
however, this model does not capture all the relevant roadways.
Assume for example that a problem involves both travel times and
travel distances. Given two customers, the min-time path in the
road-network between these customers is not necessarily the same

* Corresponding author.
E-mail address: hamza.ben.ticha@gmail.com (H. Ben Ticha).

https://doi.org/10.1016/j.cor.2018.11.001
0305-0548/© 2018 Published by Elsevier Ltd.

as the min-distance path. Yet, only one of these two paths will be
kept and represented by an arc in the customer-based graph. The
other one will be lost. Also, many other efficient paths, with dif-
ferent trade-offs between time and distance, will also be forgot-
ten. Clearly, this implies a loss of flexibility in route optimization
and, possibly, an increase in travel costs. For example, one might
sometimes prefer a fast but more costly connection, when delivery
times are restricted, or the opposite during slack times.

A few papers (Ben Ticha et al,, 2017a; Garaix et al, 2010; Lai
et al., 2016) have analyzed the negative effect of the customer-
based graph when arcs have several attributes (as time, distance
and so on). Considering different transportation schemes in dif-
ferent geographical contexts, they all show significant increases
in solution costs, compared to models that embed the complete
road-network information. Ben Ticha et al. (2018a) have gone one
step further and have reviewed the literature devoted to what
they call vehicle routing problems with road-network information,
i.e., vehicle routing problems in which travel information is de-
fined at the level of road segments. They exhibit several other lim-
its of customer-based graphs. For example, these graphs are not
suitable for complex criteria as carbon emissions, when speed is
a decision variable: as the speed can be modified at any place
in the road-network, paths cannot be precomputed (Qian and
Eglese, 2016). Two alternatives to the customer-based graph have
been proposed in the literature (Ben Ticha et al., 2018a). The
first considers the customer-based graph and adds an arc for ev-
ery efficient path that exists between two nodes. The graph is
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then referred as a multigraph. The second possibility is simply
to ignore the customer-based graph and to rely on a graph that
mimics the road-network. The first idea of using a multigraph
is relatively recent. Exact solution schemes were investigated in
Garaix et al. (2010) and Ben Ticha et al. (2017a), for example.
Some rare early papers have considered a road-network graph (e.g.,
(Cornuéjols et al., 1985; Fleischmann, 1985; Orloff, 1974). More re-
cently, Letchford et al. (2014) and Ben Ticha et al. (2018b) have
investigated exact solution methods with branch-and-price algo-
rithms. For both types of graph, the literature on heuristic methods
is extremely limited.

In this paper, we focus on the modeling with a multigraph. Our
objective is to develop a heuristic capable of obtaining adequate-
quality solutions quickly. Subsequently, we deal with a standard
routing problem that involves two attributes on arcs: the Vehi-
cle Routing Problem with Time Windows (VRPTW). The VRPTW
finds a minimum-cost set of vehicle routes that satisfy customer
requests within their time windows. Information on travel time
and on travel cost is associated with each arc. Travel time informa-
tion is necessary to make sure that customers are served within
their time windows. Travel cost determines the quality of solu-
tions. Since we consider that this data is available on road seg-
ments, we call our problem the VRPTW with road-network infor-
mation (VRPTWgy).

The remainder of this paper is organized as follows. In
Section 2 we review the related literature. In Section 3, the
VRPTWpgy is formally introduced. The ALNS algorithm is described
in Section 4. Computational experiments and analyses are detailed
in Section 5.

2. Literature review

As far as we know, the first papers interested in vehicle
routing problems with travel information supported by a multi-
graph are of Baldacci et al. (2006) and Garaix et al. (2010). Both
works were mainly interested in exact solution algorithms (namely,
branch-and-price), but Garaix et al. (2010) also investigated heuris-
tic approaches. In particular, Garaix et al. (2010) showed an im-
portant effect of the multigraph model. Even very simple op-
erations as customer removals and insertions become difficult
to evaluate. Indeed, these moves can affect the arc to select
between consecutive customers, anywhere in the vehicle route.
Garaix et al. (2010) proved that for a given sequence of nodes,
computing an optimal sequence of arcs is NP-hard. They called
this problem the Fixed Sequence Arc Selection Problem (FSASP).
To illustrate the difficulty of arc selection, let us consider the ex-
ample presented in Fig. 1. Fig. 1(a) shows a vehicle route defined
by node sequence (0,1,2,0). Time windows are shown above nodes.
Parallel arcs between pair of nodes are provided, with their cost
and travel time in parentheses, given in this order. Arcs that al-
low minimizing the cost of the route are represented with a thick
line. Assume that we want to evaluate the insertion of customer X
between customers 1 and 2. This can be done by selecting the less
costly arcs that allow linking 1 with X and X with 2 without violat-
ing any time window. In this case, the obtained route is provided
on Fig. 1(b) and has a total cost equals to 80. However, a differ-
ent sequence of arcs, shown on Fig. 1(c), enables decreasing the
route cost down to 75. In view of the difficulty of arc selection,
Garaix et al. (2010) solved their problem with a simple descent
algorithm. Essentially, their method is composed of an initializa-
tion phase, based on greedy insertion, and an improvement phase,
based on customer relocation. In both phases, the main mecha-
nism is the customer insertion that requires solving an FSASP at
each iteration. Garaix et al. (2010) proposed solving these FSASP by
dynamic programming. Experiments showed that this procedure is
very time-consuming.

Lai et al. (2016) faced the same difficulty and proposed to cir-
cumvent the complexity of the FSASP by computing arc sequences
heuristically. Instead of solving the FSASP by dynamic program-
ming, they applied a fast greedy method inspired from knapsack
heuristics. Experiments were limited to multigraphs with two arcs
in parallel. Wang and Lee (2014) and Setak et al. (2017) also devel-
oped heuristic methods for vehicle routing problems with a multi-
graph structure. However, in their case, at each time instant, an arc
dominates other parallel arcs, which breaks the complexity of the
FSASP. In addition to these works, one could cite another heuris-
tic method developed by Caramia and Guerriero (2009). However,
their context is long-haul freight distribution and the structure of
the problem is very far from a vehicle routing problem. The multi-
graph was introduced to model the presence of multiple trans-
portation modes and logistics operators. The authors proposed a
heuristic composed of two phases: first, a set of efficient candidate
paths is computed in the network; then, demands are assigned to
transportation means.

The literature on the VRPTW is much more abundant. This
problem has drawn the attention of many researchers and a large
number of solution methods have been proposed in the literature
(Desaulniers et al., 2014). Baldacci et al. (2012) reviewed the liter-
ature related to exact solution algorithms. Kallehauge (2008) fo-
cused on mathematical formulations and polyhedral analyses.
Construction heuristics and local-improvement methods were re-
viewed in Brdysy and Gendreau (2005a) and metaheuristics were
discussed in Brdysy and Gendreau (2005b).

In this work, we develop a heuristic following the framework of
Adaptive Large Neighborhood Search (ALNS). ALNS was introduced
by Ropke and Pisinger (2006) to solve the Pickup and Delivery
Problem with Time Windows. It was itself adapted from the Large
Neighborhood Search heuristic (LNS) proposed by Shaw (1998) to
solve the VRPTW. ALNS has shown its efficiency for a large num-
ber of vehicle routing problems (Toth and Vigo, 2014). The method
is based on a destroy and repair mechanism: subsets of customers
are repeatedly removed from a solution and reinserted to form a
new solution. The difficulty in our context is to manage removals
and reinsertions efficiently.

3. Problem description and multigraph representation

We define the VRPTWgy using a directed graph Ggy =
(Vin» Arn)- Vry contains the depot node 0 and nodes that represent
road junctions. Among these nodes, a subset of size n represents
customers. Arcs (i, j)€Agy model road segments and are defined
with a travel cost and a travel time. We associate with each cus-
tomer i a demand d;, a time window [e;, [;] and a service time t;.
The depot also receives a time window [eg, [g] that indicates the
earliest starting and latest ending time of a vehicle tour. We con-
sider a homogeneous fleet with K vehicles of loading capacity Q.
The objective of the VRPTWgy is to compute a set of paths in Ggy,
that start from the depot, return to the depot, satisfy time win-
dows and vehicle capacity, so as to serve all the customers exactly
once with a minimal total travel cost.

In order to tackle the VRPTWgy, we introduce a directed multi-
graph G = (V,A). V={0,1,...,n} is composed of node 0 for the
depot and nodes 1 to n for the customers. A is defined as follows.
For each pair (i, j)eVx V, we introduce a set A; j) = {(@i, ), p=
1,....my;} of parallel arcs, where m; is the number of efficient
paths in Ggy between i and j. A path is efficient if it is not dom-
inated with regards to travel time and cost; it is only considered
if it is compatible with the time windows, i.e., it allows reaching j
on time (before [;) when leaving i at time e;. Given an arc (i, j)?,
we denote its travel cost by ¢(; j» and its travel time by ¢t; ;p. The
VRPTWgy then equivalently consists in finding a set of paths in
G, that start from the depot, return to the depot, satisfy customer
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Fig. 1. Illustration of the insertion of a customer in a route defined on a multigraph.

time windows and vehicle capacity, and serve all the customers
exactly once with a minimal total travel cost. In this paper, we as-
sume that graph G and associated travel time and travel cost in-
formation are given as inputs. An efficient method to compute this
data was proposed by Ben Ticha et al. (2017b).

4. Solution method

Our solution method follows the framework of ALNS. This
framework is described by Algorithm 1. The algorithm is initialized

Algorithm 1 Adaptive large neighborhood search.
1: compute an initial solution s;,;

20 Scurr < Sinit

3: Spest < Scurr

4: while the stopping criterion is not met do

5. select a destroy operator d € D and a repair operator r € R
6 s < r(d(scurr))

7 if accept (s, Scyrr) then

8

9

Scurr < S

if cost (Scurr) < COSt (Spes:) then
10: Sbest < Scurr
11: end if
122 end if

13: end while
14: return Speg;

with a solution s;;; constructed using an adaptation of the Clarke
and Wright algorithm (Clarke and Wright, 1964), see Section 4.2.
This solution is temporarily considered as the current solution
(scurr) and as the best solution (s ). Then, at each iteration, a de-
stroy and a repair operators are selected. These operators are cho-
sen in sets D and R described in Sections 4.3 and 4.4, respectively,
with a policy presented in Section 4.5. The destroy and the repair

operators are successively applied to sq+ (Line 6), to produce a so-
lution s. A simulated annealing mechanism, detailed in Section 4.6,
decides whether the new solution becomes the current solution or
not. Also, the best known solution is updated if needed (Line 9,
cost(.) is the cost of a solution). The algorithm stops after a given
number of iterations. Because finding a feasible VRPTW solution is
NP-complete, we allow infeasible solutions in the algorithm. In the
constructive algorithm that initializes the method, we do not con-
sider the limit on the fleet size (see Section 4.2). Then, we try to
recover a feasible solution, if needed, by limiting the degree of in-
feasibility during insertions (see Section 4.4). The main innovation
in the algorithm stands in the management of arc selections in re-
moval and insertion operations. We detail how we proceed in the
next subsection.

4.1. Arc selection procedure

When applying destroy and repair operators, one has to re-
peatedly evaluate the feasibility and the cost of new sequences
of nodes. As already explained, an exact evaluation necessitates
to reoptimize the arc selection, i.e., to solve an NP-hard problem:
the FSASP. Garaix et al. (2010) express the solution of the FSASP
as a Shortest Path Problem with Resource Constraints. They ap-
ply a standard labeling dynamic programming procedure (see, e.g.,
Irnich and Desaulniers (2005)) that works as follows. Let us con-
sider a sequence 7 = (0, iy, ...,1i,,0). A label is defined with two
attributes: cost and time. An initial label (0,0) is assigned to the
first copy of the depot. This label is then extended to the next node
in the sequence, using all parallel arcs (0, i1)? (p=1,...,mg; ).
It results in mg;; labels associated with node i;. These labels are
then all extended to the next customer i,, through all parallel arcs
(i1, ip)P, and the process is repeated until the end of the sequence
is reached. When extending a label, the arc travel cost and time
are added to the corresponding attribute of the label. Time win-
dows are checked to eliminate infeasible labels and waiting times
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are added when necessary. Dominance rules are applied to elim-
inate dominated labels (see Algorithm 2 and next paragraphs for

Algorithm 2 Forward labeling algorithm.

1: i< 0

2: FL[i] < (0,0)

3: whilei#n+1 do

4 j < next(m,i)

5 for all labels (c,t) € FL[i] do
6: for all arcs (i, j)? € A(; j) do
7
8
9

if ¢ + t,‘ + t(i,j)P < lJ then
t’ < max{t +t; + t(i.j)Pv ej}
: insert with dominance label (¢ + ¢ jy», t’) in FL[j]
10: end if
11: end for
12:  end for
13: i< next(mw,i)
14: end while
15: return FL

details). In their computational experiments, the authors show the
limits of this method. Computing times are not compatible with
a metaheuristic that requires the evaluation of a large number of
sequences, as ALNS. For this reason it is critical for us to man-
age arc selection more efficiently. We follow the ideas initiated in
Savelsbergh (1985) and develop an improved procedure based on
bidirectional search and incremental data.

4.1.1. Label preprocessing

This preprocessing is applied on the vehicle routes of the start-
ing solution s;,;; of Algorithm 1 (Line 1). Each route can be rep-
resented by a sequence w = (0,1iy,..., ing . 0). A dynamic program-
ming algorithm similar to that of Garaix et al. (2010) is applied
to each sequence. An equivalent algorithm, starting from the last
node of the sequence and traversing arcs in backward is also ap-
plied. The label sets generated with these two algorithms are kept.
The forward and backward labeling algorithms are fully described
in Algorithms 2 and 3. The copy of the depot (ending the se-

Algorithm 3 Backward labeling algorithm.

1. j«<n+1

2: BL[j] < (0. lyy1)

3: while j # 0 do

4 i < previous(r, j)

5 for all labels (c,t) € BL[j] do
6: for all arcs (i, j)? € A;; j, do
7
8
9

if t — t(i,j)P —ti>e then
[ min{t - t(i‘j)p —t, l,}
: insert with dominance label (c + c(; jy»,t) in BL[i]
10: end if
11: end for
12:  end for
13:  j < previous(rw, j)
14: end while
15: return BL

quence) is renamed n+ 1 in these algorithms and for the subse-
quent subsections.

The outputs of these algorithms are lists of labels FL[i] and BL[i]
associated with each node i in the sequence. Function next(m, i)
(resp., previous(r, i)) returns the node that follows (resp., precedes)
node i in sequence . The insertion with dominance of a label in a
list of labels, is performed by comparing the new label with ev-
ery label in the list. If the new label is dominated, the list is not

modified. Otherwise, the label is added to the list and all domi-
nated labels are removed. In order to optimize certain operations,
lists FL[i] and BL[i] are implemented in non-decreasing order of the
travel cost. When vehicle route are modified, this information is
updated, so that it is always available.

4.1.2. Evaluation of the removal of a node from a sequence

To evaluate the removal of a node u between two nodes a =
previous(rr,u) and b =next(sr,u) in a sequence m, we apply the
following algorithm:

1. Extend every label in FL[a] to b, using every arc in Ay 5y and
following the extension scheme detailed in Algorithm 2. We call
Lr the resulting label list.

2. Consider every pair ((cp, tr), (cg, tg)) of labels in Lg x BL[b]. A
pair is feasible if tp <tg. Compute the cost cr + cg of every fea-
sible pair and return the minimal value.

The value returned by the algorithm is the best possible cost of
sequence r with node u removed.

4.1.3. Update of incremental data after a removal

When a node u is removed from a sequence 7, we need to up-
date incremental data. First, we empty all sets FL[i] for nodes i po-
sitioned after u in 7, and sets BL[i] for nodes i positioned before u.
Then, we apply Algorithms 2 and 3 with a different initialization
(Lines 1 and 2): i is initialized to previous(u, ) in Algorithm 2, j
is set to next(u, 7) in Algorithm 3. After this initialization, u is re-
moved from the sequence and the main loop is executed normally
for each algorithm.

4.14. Evaluation of the insertion of a node at a given position in a
sequence

To evaluate the insertion of a node u between two nodes a and
b =next(r,a) in a sequence , we apply the following algorithm:

1. Extend every label in FL[a] to u, using every arc in Ay ). We
call Lg the resulting label list.

2. Extend every label in BL[b] backwardly to u, using every arc in
Ay, by We call Lp the resulting label list.

3. Consider every pair ((cf, tr), (cp, tg)) of labels in Lg x Lg. A pair
is feasible if tp <tg. Compute the cost cr + cg of every feasible
pair and return the minimal value.

The value returned by the algorithm is the best possible cost
of sequence 7 with node u inserted after a. Note that the feasi-
bility of the insertion with regards to vehicle capacity is evaluated
upstream.

4.1.5. Update of incremental data after an insertion

When a node u is inserted between two nodes a and b=
next(m,a) in a sequence m, we need to update incremental data.
First, we empty all sets FL[i] for nodes i positioned after a in 7,
and sets BL[i] for nodes i positioned before b. We also empty sets
FL[u] and BL[u]. Then, we apply Algorithms 2 and 3 with a differ-
ent initialization (Lines 1 and 2): i is initialized to a in Algorithm 2,
j is set to b in Algorithm 3. After this initialization, u is inserted in
the sequence and the main loop is executed normally for each al-
gorithm.

4.2. Initial solution

To provide an initial solution to our heuristic, we adapt the
Clarke and Wright savings algorithm (Clarke and Wright, 1964).
This algorithm was developed in the context of the VRP and works
as follows. Consider a solution of the VRP and two routes 7r{ and
7, whose last and first customers are i and j, respectively. If the
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vehicle capacity allows it, a single route can be obtained by merg-
ing 1 and 7,: after having reached i at the end of 7, the vehicle
goes to j and continues m,. The impact on cost, the so-called sav-
ing savy;, can be precomputed and is given by:

$avij = C0) + Ce0.j) — Cij) (1)

The principle of the Clarke and Wright algorithm is to compute
savy for all pairs of customers (i, j), to sort them in a non-
increasing order and to progressively merge routes when possible,
according to this order. A pair (i, j) is eligible for a merging, and a
saving sav;; can be obtained, if three conditions holds: i is the last
customer of a route, j is the first of a second route, the cumulated
load of these two routes does not exceed the vehicle capacity. The
algorithm is initialized with a solution composed of back-and-forth
trips between the depot and a customer. We adapt this algorithm
to take care of the time windows and of the parallel arcs between
nodes. We implement the following modifications:

At the initialization, every customer i is reached with the min-
cost arc from the depot (i.e., in Ay ;). Then, the min-cost arc in
A(;, 0y that enables returning to the depot on time is used.
When computing the list of savings, much more combinations
are introduced. A saving s}* is evaluated for all pairs of cus-
tomers (i, j), and all arcs (i, 0)* €A o), (0, jY €A, j) and (i,
IV €A j
When evaluating the feasibility of merging two routes for a
combination (i, j, x, ¥, z), some conditions are added:
e arcs (i, 0)* and (0, jY have to be selected in the current so-
lution,
» merging the routes that contain i and j with arc (i, j* has to
be compatible with time windows.
The latter condition is checked with incremental data equiva-
lent to that described in Section 4.1. Note that using this data
also allows to reoptimize arc selection.

With the mechanism of savings, the Clarke and Wright algo-
rithm tends to minimize the number of vehicle routes, but there is
no guarantee that the provided solution respects the fleet size. In
this case, attempts to recover feasibility will be carried out in the
main loop of the ALNS algorithm (see Section 4.4).

4.3. Removal heuristics

We propose three removal heuristics, which differ in the way
customers are selected. A removal heuristic takes as inputs a fea-
sible solution s and a number v of customers to be removed, and
returns a set IT of feasible routes and a set O of v removed cus-
tomers.

4.3.1. Adapted Shaw removal heuristic

This heuristic was first proposed by Shaw (1998) for the VRPTW
and next adapted by Ropke and Pisinger (2006) for the Pickup
and Delivery Problem with Time Windows. The principle is to re-
move similar costumers. The rationale is to favor diversification
when reinserting customers. Indeed, due to the tight structure of
VRPTW solutions, removing very different customers might give
no other choice than reinserting each customer at its original po-
sition. Given solution s, we evaluate the similarity R;(s) between
two customers i and j with the following measure (adapted from
Shaw (1998)):

Rij(s) = o4 lgigqvvCa,j)p +oolti(s) — tj(s)|+oazldi — dj| +ay
<p=m;;
a [RGi(s) N RC;(s)]
min{|RG;(s)[, [RC;(s)[}

In this formula, t;(s) and t;(s) are the starting times of the service
for customers i and j in solution s; RCy(s) is the set of positions

A

) +Xij(s) (2)

where u can be inserted in s (u=1,j); X;j(s)=1if i and j are
served by the same vehicle in s, 0 otherwise. Parameters «; to
o4 are weights chosen in [0,1]. At a given iteration of the ALNS
algorithm, R;i(s) can be computed in constant time except for the
term weighted by o4. This term is particularly time consuming as
it requires evaluating all the possible insertion positions, in all the
routes of the current solution, for i and j, with the algorithm pre-
sented in Section 4.1. In Section 5.4, we conduct a sensitivity anal-
ysis that justifies using this term.

The adapted Shaw removal heuristic is detailed in Algorithm 4.

Algorithm 4 Adapted Shaw removal heuristic.

I < {1,...,n},0 <9

: 1 < random customer in 7

: T« T\ {i}, 0 <~ 0ou{i}

: while |O| < v do

u < random customer in O

y < random number in [0,1]

r< |y x |Z|]

i < rt" most similar customer to u in Z according to measure
Ryi(s)

9 I<«T\{i}, 0« o0ouli}

10: end while

11: Il < {m : 7 es}

12: remove customers in O from their routes in IT
13: return O and I1

PN DU AWy

It first randomly selects a customer and stores it in set O. Then,
for v — 1 iterations, it randomly selects a customer u in O, finds a
similar customer i and add i to O. Customer i is selected among
the customers still in the solution (i.e., in set Z), according to mea-
sure R,;(s) and with some randomness controlled by a parameter
y1: the higher y, the more similar the customer. Once set O is
computed, the routes of the solution are all stored in a set IT and
the customers are successively removed. At this step, the removal
procedure of Section 4.1 is used.

4.3.2. Random removal heuristic

As in Ropke and Pisinger (2006), this removal heuristic sim-
ply selects v customers randomly and insert them in set O.
The algorithm then constructs IT and returns © and Il as in
Algorithm 4 (Lines 11-13).

4.3.3. Worst removal heuristic

This heuristic was introduced by Ropke and Pisinger (2006). Its
principle is to remove the most costly customers from the solution.
The heuristic is driven by a measure A (IT) that gives the differ-
ence between the cost of a set of routes IT and the cost of the
same set with customer i removed. The evaluation of the removal
is carried out with the procedure described in Section 4.1. In par-
ticular, arc selection on the modified route is reoptimized. Equiva-
lently to the adapted Shaw removal heuristic, a random component
is added, controlled with a parameter y,. The heuristic is detailed
in Algorithm 5. Note that contrary to the adapted Shaw heuristic,
customers are progressively removed and the measure that drives
customer selection is updated accordingly.

4.4. Insertion heuristics

We propose four insertion heuristics. These heuristics take as
inputs a set IT of feasible routes and a set O of customers not
present in IT. Their output is a solution s (with a number of routes
potentially larger than the fleet size). Each heuristic iteratively in-
serts a customer from O in II, until O is empty and IT thus be-
comes a feasible solution. The heuristics differ in the order in
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Algorithm 5 Worst removal heuristic.
1:Z«{1,....n}, 0 <@
I« {m:mes}
: compute A7 (IT) for all customers i € Z
: while |O] < v do
y < random number in [0,1]
T [y < |Z]]
i < 1t most costly customer in Z according to measure
A7 (D)
I <7\ {i}, 0 < 0ou{i}
9:  remove i from I1 and call 7* the modified route
10:  compute Aj‘(l'l) for all customers j e w*
11: end while
12: return O and I1

N QU A WwN

%

which the customers are selected in O and in the way they are
inserted in IT.

If insertions result in a set IT with |I1| > max {K, |Scurr|}, the in-
sertion procedure is stopped and a next iteration of the ALNS is
started from the same current solution s+ This condition allows
to manage infeasible solutions for a number of iterations. However,
the degree of infeasibility (number of routes in excess with regards
to K) is not allowed to increase. As soon S¢,r becomes feasible, in-
feasibility is not allowed anymore.

4.4.1. Greedy insertion heuristic

This heuristic follows a best insertion policy. We compute for
each customer i € O and for each route m €Il, the insertion cost
Ai+(7r). This cost is computed with the algorithm presented in
Section 4.1, applied for all insertion positions. Ai*(n) is set to the
cost of the best insertion. Once these values are obtained, we com-
pute best insertion costs in IT: Af(TT) = mingcp A (7).

A customer i that minimizes Alff(l'l) is inserted in IT. The in-
sertion costs are then updated and the procedure is repeated un-
til all the customers have been inserted. The insertion is carried
out with the procedure detailed in Section 4.1. When updating in-
sertion costs, we only recompute values Ai+ (mr) for the modified
route.

4.4.2. Regret insertion heuristic

This heuristic is similar to the greedy insertion heuristic, except
that it introduces a look-ahead strategy. Given i € O, if we denote
by m* the route in IT that allows to reach a minimum insertion
cost for i (i.e, Af(r*) = Af (IT)), a regret R} (IT) is defined as fol-
lows:

+ _ ; + _ AT
RE(T) = min A7 (7) — AF(IT) (3)

Contrary to the best insertion heuristic, the customer inserted in
IT at a given iteration is the one with a maximum regret le(l"[).
All other steps of the method are kept the same.

4.4.3. Non-myopic insertion heuristic

This heuristic also extends the greedy insertion heuristic. Given
i € O, if we denote by IT’ the set of routes that would be obtained
after the best insertion of i in I, an impact value I;r(l'l) is defined
as follows:

[F(I) = AF (T + ) (AF(IT) — Af(ID)) (4)
jeo\{i}
The rationale behind this measure is to take account of the im-

pact that the insertion of i can have on future insertions. The dif-
ference A;(H’) - AJ*(H) evaluates this impact for the remaining

customers j € O\ {i}. The customer inserted in IT at a given itera-
tion is the one with a minimum impact I,.*(l'[). All other steps of

the method are the same as in the greedy insertion heuristic. Note
that to compute AT(H’), we only need to compute A}’(n’) for

the route v/ that would result from the best insertion of i. How-
ever, this heuristic might appear particularly time consuming as
it involves many calls to the evaluation of customer insertions. In
Section 5.4, we conduct a sensitivity analysis showing that it how-
ever contributes positively to the solution quality.

4.4.4. Simple insertion heuristic

The aim of this heuristic is to help diversifying the search. At
each iteration, the customer i taken from O is randomly selected.
If the number of routes in IT is lower than the fleet size K, a new
route (0, i, 0) is added to Il. Otherwise, a route & is randomly
selected in IT and the insertion of i in 7 is tried. For that matter,
a best insertion policy is applied and the procedure described in
Section 4.1 is used. If the insertion fails, another route is selected,
and so on until the insertion is done.

4.5. Adaptive strategy for the selection of removal and insertion
heuristics

In Sections 4.3 and 4.4, we introduced three removal and four
insertion heuristics. We now explain how heuristics are selected
at each iteration of the ALNS algorithm. Because it is difficult to
determine a priori which removal and insertion strategies would
be more efficient, we follow the adaptive control strategy intro-
duced by Ropke and Pisinger (2006). The principle is to assign a
weight w; (i=1,...,6) to each heuristic and to periodically adjust
these weights according to the successes of the heuristic. The se-
lection of removal and insertion heuristics is then made using a
roulette wheel mechanism based on these weights. Weight evolu-
tion is managed as follows:

1. All weights are initialized to the same value at the beginning of
the search.

2. The concept of segment is introduced to decide of when up-
dating weights. A segment represents a fixed number of ALNS
iterations. An update is performed at the end of each segment.

3. The update is based on a score reached on the segment for the
different heuristics. The score sc; of heuristici (i=1,...,6) is
set to zero at the beginning of the segment. At each iteration,
the scores of the selected removal and insertion heuristics are
increased by a value that depends on the quality of the solution
s obtained:

e (1 if s is a new global best solution;

e [y if s is accepted and improves the current solution;

e 3 if s is accepted but has a total cost worse than the cur-
rent solution;

o 0 otherwise.

4. Given the scores sc;, the weights are updated with the following

formula:
SCi
Wl-<—wi><(1—r)+r><; (5)
1
where 7; is the number of times heuristic i has been selected
on the segment and r is a reaction factor in [0,1] that controls

how the score reacts to the effectiveness of the heuristics.

4.6. Acceptance criteria

To avoid getting trapped early in a local optimum, a simulated
annealing mechanism is implemented. It consists of accepting a
deteriorating solution s with a probability

cost(s) —’I(:'OSI(Scurr) ) (6)

where s¢yr is the current solution, cost(.) is the cost of solutions
and T is the temperature. Improving solutions are always accepted.

exp (—
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The temperature starts at a value Ty, fixed so that a solution 5%
worse than the initial solution s;,; has a probability 50% of being
selected. Then, the temperature is decreased at every iteration by
a factor y3, with O<y3<1.

5. Computational experiments

In this section, we describe our experimental computations. We
first present, in Section 5.1, the benchmark instances that we use.
In Section 5.2, we then explain how ALNS parameters have been
tuned. In Section 5.3, we evaluate the performance of the ALNS
heuristic and the impact of road-network information on solution
quality. In Section 5.4, we present some sensitivity analyses to jus-
tify the integration of some components in the method.

Algorithms are implemented in C++. Tests are run on an Intel
CORE i5 2.6 GHz computer with 4GB of memory.

5.1. Benchmark instances

In our experiments, we use four classes of instances provided
by Ben Ticha et al. (2017a).

SOL. A first class consists of 90 instances derived from
a subset of Solomon’s VRPTW benchmark instances
Solomon (1987): 45 instances with 25 customers and
45 instances with 50 customers. To generate these in-
stances, Ben Ticha et al. (2017a) first modify travel times.
For that matter, they draw random numbers correlated
with Euclidean distances. Three correlation degrees are
used: no-correlation (NC), weak correlation (WC) and
strong correlation (SC). Multigraphs are then constructed
by computing the set of efficient paths between every pair
of nodes. Other parameters are not modified. Note that
these instances are not stricly VRPTWgy instances as the
multigraphs are not computed from road networks.

LET. A second class of 30 instances was initially provided
by Letchford et al. (2014). These instances are generated
from sparse graphs that simulate urban road networks. Four
graphs are used, with different sizes |Vzy| € {25, 50, 75, 100}
for the node set. The probability that a node is also a cus-
tomer is 66%. Travel costs are given by the Euclidean dis-
tance and travel times are defined in correlation with these
costs. Three different levels of correlation are used: NC, WC
and SC. Customer time windows are narrow (NTW) or wide
(WTW).

NEWLET. A third class of 45 instances was generated by
Ben Ticha et al. (2017a) using the same procedure as
Letchford et al. (2014) but decreasing the density of cus-
tomers. Three series of five road-network graphs are con-
structed: five with 25 customers and 100 nodes, five with
50 customers and 100 nodes, five with 50 customers and
200 nodes. For each graph, three degrees of correlations are
defined for travel times: NC, WC, SC.

AIX. A fourth class of 12 instances was generated by
Ben Ticha et al. (2017a) using real spatial data from the re-
gion of Aix-en-Provence (south of France). The first graph
(Z1) represents the urban area and has 5437 nodes. The
second graph (Z2) includes the city and its surroundings,
and has 19,500 nodes. Each arc comes with two attributes:
length and maximal speed. These two attributes are used to
define travel costs (length) and travel times (length divided
by speed). Six instances are generated from each graph: two
instances with 25 customers, two instances with 50 cus-
tomers and two instances with 75 customers.

This yields a total of 177 instances. For more details on instance
characteristics, readers are referred to Ben Ticha et al. (2017a).

5.2. Parameter tuning

We perform a first set of experiments to adjust parameters of
the ALNS algorithm (see the list of these parameters and the se-
lected values in Table 1). To this aim, we select a subset of 27 rep-
resentative instances: SOL instances r101, r105, c103, c104, rc101,
rc105 with 50 customers and NEWLET instances 1, 2 and 3 with 50
customers and 100 nodes; these 9 instances are considered for the
three correlation levels NC, WC and SC. This total of 27 instances
represents 15% of the benchmark instances. Furthermore, two out
of the four instance classes are not represented. We believe that it
permits to avoid overlearning from the tuning.

With these instances, we proceed as follows. We first tune the
parameters of the adapted Shaw removal heuristic. We apply the
ALNS scheme limited to this removal heuristic and to the greedy
insertion heuristic. We successively focus on one of the parameters
and try a number of values for this parameter. For each value, the
tuning instances are solved five times; the value that provides the
best average solution quality is kept.

We apply the same methodology for the worst removal heuris-
tic. Other parameters are fixed in the same way, one by one, but
using the complete ALNS scheme instead of using single removal
and insertion heuristics.

5.3. Computational results

In this section, we evaluate the performance of the ALNS al-
gorithm. We compare the solutions obtained with this algorithm
to optimal solutions, when these solutions are available. Optimal
solution values are reported by Ben Ticha et al. (2017a) and com-
puted using a branch-and-price algorithm. We also compare the
ALNS algorithm to two other heuristic schemes: MC and MT. In
both schemes, a customer-based graph is constructed from the
multigraph by keeping at most one arc between every pair of
nodes. In MC, the min-cost arc is kept. In MT, the min-time arc
is kept. Then, in both cases, the resulting VRPTW is solved exactly
with a branch-and-price algorithm. Note that these two schemes
are heuristic because the customer-based graphs do not capture all
the available information. Note also that these comparisons also
give insights on the interest of defining travel information at the
road-network level instead of using customer-based graphs.

For each instance, the ALNS algorithm is applied 10 times and
we report both the best and average solution costs and solution
times. Computing times for the branch-and-price algorithms are
limited to 7500 seconds. Tables 2, 3, 4, 5 and 6 report the re-
sults obtained on instances of class SOL with 25 nodes, SOL with
50 nodes, LET, NEWLET and AIX, respectively. In these tables, Col-
umn BKS provides the value of best known solutions, i.e., the best
among the solutions found with the branch-and-price algorithm
of Ben Ticha et al. (2017a), the 10 found by ALNS, and the two
found with MC and MT. Values in bold indicate that the solution
is known to be optimal. Columns Gap(%) give the percentage gap
between the solution returned by each heuristic method and BKS,
computed as follows:

Gap =
solution cost with the heuristic —best known solution cost

best known solution cost
%100 (7)

For methods MC and MT, values are in italic when the branch-
and-price algorithm (applied on the customer-based graph) did
not finish in 7500 seconds. Columns CPU(s) indicate the com-
puting times in seconds, for the different methods. For a bet-
ter readability, computing times are not reported for methods MT
and MC. Basically, they have the same order of magnitude as
those reported for optimal solutions. These values can be found
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Table 1
Parameter values.

Operator Parameter Selected value
Shaw removal Weight associated with cost: o 4
Weight associated with service time: a 5
Weight associated with demand: o3 3
Weight associated with insertion positions: oy 10
Randomness degree: y 6
Worst removal Randomness degree: y; 5
Adaptive strategy Initial weights 100
Gain for a new global best solution: f¢q 500
Gain for an improving solution: u, 200

Gain for an accepted non-improving solution: jt3 150

Reaction factor: r 0.1
Acceptance method  Cooling rate: y; 0.99975
Table 2
Results for class SOL (instances with 25 customers).
OPT ALNS best  ALNS avg. MC MT
Corr  Instance BKS CPU(s)  Gap(%) CPU(s)  Gap(%) Gap(%) Gap(%)
NC r101-025 6904 0.6 0.0 81 0.1 0.0 85.7
r102-025 5887 17 0.0 10.4 0.6 1.0 375
r103-025 491.3 12.7 0.0 12.1 1.2 0.0 48.1
r104-025 5073 31 0.0 15.7 0.2 0.0 333
r105-025 6428 23 0.0 9.7 0.2 1.6 55.9
c101-025 2792 - 0.0 13.7 0.0 0.1 1334
c102-025 2386 - 0.0 22.8 0.0 10.6 111.2
c103-025 202.0 2,197 0.0 271 0.0 10.8 80.4
c104-025 195.1 - 0.0 43 0.0 0.0 78.8
c105-025 2240 546 0.0 19.2 0.0 35 116.6
rc101-025 6711 0.7 0.0 7.6 0.0 10.3 69.9
rc102-025  558.0 10.9 0.0 11.8 0.0 12.6 53.7
rc103-025 5459 6139 0.0 15.4 13 2.2 50.8
rc104-025 4204 2,728 0.0 18.8 0.3 51 252
rc105-025 5757 9.8 0.0 84 0.4 3.8 38.7
WC r101-025 6820 0.2 0.0 7.8 0.2 0.0 10.9
r102-025 5726 1.2 0.0 71 0.1 0.0 6.5
r103-025 4762 23 0.0 71 0.1 0.0 6.0
r104-025 481.0 4.7 0.0 8.2 0.3 0.0 3.8
r105-025 601.0 09 0.0 6.8 0.0 0.0 113
c101-025 250.7 206.5 0.0 6.7 0.4 4.8 18.1
c102-025 2299 - 0.0 11.3 0.0 1.0 14.6
c103-025 199.1 480.4 0.0 14 0.1 0.0 26.4
c104-025 192.8 - 0.0 10 0.0 0.0 6.6
¢105-025 216.6 273 0.0 7.8 0.0 0.0 30.2
rc101-025  561.1 7.7 0.0 5.7 0.0 8.6 11.6
rc102-025 5524 9835 0.0 81 0.2 13.6 39
rc103-025 4618 7133 0.0 8.8 1.6 2.5 34
rc104-025 3984 835 0.0 9.9 0.3 0.2 2.7
rc105-025 5554 2.8 0.0 6.4 0.0 1.5 84
SC r101-025 684.7 0.2 0.0 7.9 0.0 0.0 0.0
r102-025 570.8 0.5 0.0 6.7 0.0 0.0 11
r103-025 4583 09 0.0 5.2 0.0 18 0.0
r104-025 420.2 42 0.0 5.6 0.0 0.0 0.6
r105-025 5493 0.3 0.0 54 0.0 0.0 0.1
c101-025 2166 64 0.0 4.7 0.0 0.0 1.8
c102-025 193.1 5.5 0.0 5.2 0.0 0.0 0.0
c103-025 193.1 96.4 0.0 6.1 0.0 0.0 11
c104-025 189.7 1,7176 0.0 6.4 0.0 0.0 0.0
c105-025 194.1 0.5 0.0 4.1 0.0 0.0 0.0
rc101-025  507.5 13.9 0.0 5.4 0.0 49 0.8
rc102-025  443.6 3977 0.0 5.6 0.0 0.0 0.0
rc103-025 3422 59 0.0 5.8 0.2 0.0 0.1
rc104-025 3149 131 0.0 5.9 0.1 0.0 0.0
rc105-025  457.6 21.7 0.0 5.8 0.2 0.0 0.2

NotE: - indicates that the corresponding branch-and-price algorithm could not solve the instance

in 7500 seconds

in Ben Ticha et al. (2017a). Also CPU times are replaced by - when
the exact branch-and-price algorithm was not able to find the op-
timal solution in 7500 seconds.

The first columns of the tables precise the instance characteris-
tics. Column Corr indicates the correlation degree: NC, WC or SC.
Column Instance gives the instance name. For class LET, the first

number is |Vgy| and the second number is n; instance names fin-
ish with the type of time windows: NWT or WTW. For NEWLET
instances, |Vgy| and n are provided in Columns |Vgy| and n, respec-
tively. The number of customers n is also reported in Column n for
AIX instances. Finally, when several instances have the same char-
acteristics, the instance index is given in Column Inst.
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Table 3
Results for class SOL (instances with 50 customers).
OPT ALNS best  ALNS avg. MC MT

Corr  Instance  BKS CPU(s) Gap(%) CPU(s)  Gap(%) Gap(%) Gap(%)

NC r101 1,317.3 17.6 11 29.6 23 0.4 72.7
r102 1,148.3 52.8 0.1 36.7 2.0 0.5 45.6
r103 952.7 593.7 1.0 59.4 2.2 23 341
r104 770.5 6,7989 13 137 2.5 3.2 68.1
r105 11628 269 1.8 36.9 29 0.6 75.6
c101 599.2 - 0.0 36.9 0.3 9.9 123.2
c102 506.0 - 0.0 74.7 0.5 224 120.1
c103 426.2 - 0.0 126.2 25 17.2 723
c104 394.2 - 0.0 413.9 24 13.5 146.6
c105 511.0 - 0.0 67.3 0.2 13.3 140.1
rc101 1,375.8 108 0.2 275 0.9 15.0 68.0
rc102 1,164.1 321.6 0.9 40.5 22 9.5 50.6
rc103 1,0631 68219 11 56.5 2.8 0.9 377
rc104 829.3 - 0.0 89.5 1.6 0.5 75.3
rc105 1,229.0 23584 09 371 1.6 9.4 49.7

wC r101 1,179.4 12 0.3 26.8 14 33 29.0
r102 1,075.1 6.3 0.6 28.7 1.5 1.6 10.6
r103 948.2 65.4 0.3 325 2.6 17 114
r104 769.3 13043 04 471 3.0 0.0 6.6
r105 1,062.3 17 0.5 27 17 0.4 9.4
c101 535.4 - 0.0 273 15 53 69.6
c102 468.1 - 0.0 51.8 1.0 22.8 535
c103 402.0 - 0.0 66.5 41 16.9 81.8
c104 372.7 - 0.0 143.2 21 204 60.3
c105 486.0 - 0.0 423 0.8 4.0 233
rc101 12222 1103 0.0 23 0.6 7.8 7.8
rc102 11724 - 0.0 291 14 53 332
rc103 996.2 - 0.0 314 23 34 50.5
rc104 892.2 - 0.0 39.7 1.7 25.1 17.2
rc105 1,0344 684 0.0 26.1 0.5 9.6 8.4

SC r101 1,085.7 1 0.1 239 1.0 12 1.0
r102 929.8 6.8 0.0 23.6 0.6 0.0 0.7
r103 8271 711 0.0 247 11 0.0 0.1
r104 718.8 - 0.0 28.8 18 0.0 135
r105 932.7 14.9 0.2 235 1.0 0.8 0.2
c101 405.4 106.4 0.0 211 0.0 0.0 0.5
c102 366.9 53.8 0.0 25.7 0.0 0.0 2.0
c103 368.8 699.9 0.0 29 0.6 0.0 11
c104 365.4 - 0.0 46.6 1.7 28.1 21.2
c105 367.9 12 0.0 185 0.0 0.0 0.5
rc101 990.9 23859 0.0 214 0.2 0.0 1.0
rc102 916.9 - 0.0 225 1.0 389 31.9
rc103 871.4 . 0.0 224 14 26.1 25.9
rc104 7144 - 0.0 30 0.8 24.8 14.2
rc105 940.9 6,5444 0.0 20.6 11 0.0 0.7

NotE: - indicates that the corresponding branch-and-price algorithm could not solve the instance

in 7500 seconds

5.3.1. Evaluation of the ALNS heuristic

Tables 2 to 6 demonstrate the effectiveness of the ALNS heuris-
tic. Regarding the best run, optimal solutions are found for 108 out
of the 148 instances for which the optimal solution is known. The
average gap on the remaining instances is 0.4% and the maximal
gap is 1.8%. On average, the ALNS algorithm is a little bit less ef-
fective, the average gap for this algorithm is 1.1%. As expected, the
smaller the customer set, the better the results: all instances with
25 customers are solved optimally. Conversely, the effectiveness of
the method is comparable for the four classes of instances, which
tends to demonstrate its robustness.

Comparisons with the MC and MT heuristics are clearly in fa-
vor of the ALNS. ALNS best finds better or equivalent solution for
163 out of 177 instances against MC and for 173 instances against
MT. ALNS avg. finds better or equivalent solution for 124 instances
against MC and for 133 instances against MT. Furthermore, the
customer-based graph constructed in MC does not admit any fea-
sible solution for 8 instances.

Computing times are globally better for the ALNS heuristic.
The behavior of the branch-and-price algorithms are very unpre-

dictable. Instances of the same class and with the same charac-
teristics can be solved in a few seconds or not be solved in two
hours. On the contrary, computing times are rather regular for the
ALNS. They are relatively high even for small instances, but in-
crease slowly with the size of the instances. For example, SOL in-
stances are solved in 10 seconds on average when n = 25, and 35
seconds when n = 50.

5.3.2. Impact of road-network information

Garaix et al. (2010), Ben Ticha et al. (2017a) and
Lai et al. (2016) have presented extensive computational results
that show the improvements achieved when travel information is
defined at the road-network level. Tables 2 to 6 consolidate these
findings on a dozen of larger (or more difficult) instances that
could not be solved with the branch-and-price method developed
in Ben Ticha et al. (2017a).

On these instances, the gaps observed for the heuristic methods
based on customer-based graphs oscillate a lot. They vary between
0.0% and 38.9% for MC, between 0.0% and 146.6% for MT. On aver-
age, they are respectively equal to 4.4% for MC and 19.1% for MT.
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Table 4
Results for LET instances.

OPT ALNS best  ALNS avg. MC MT
Instance Corr  BKS CPU(s) Gap( CPU(s)  Gap(%)  Gap(%) Gap(%)
25_16_NTW NC 1,252 01 0.0 18 0.0 0.0 8.6
25_16_WTW NC 1,252 01 0.0 21 0.0 0.0 8.6
25_16_NTW WC 1,252 0.1 0.0 1.6 0.0 0.0 1.0
25_16_WTW WC 1,252 01 0.0 17 0.0 0.0 1.0
25_16_NTW SC 1,252 01 0.0 1.5 0.0 0.0 0.0
25_16_WTW SC 1,252 01 0.0 1.6 0.0 0.0 0.0
50_33_NTW NC 2,137 0.5 0.0 5.6 0.0 22 2.6
50_33_WTW NC 2,072 398 0.0 6.6 0.0 0.0 11
50_33_NTW wC 2293 18 0.0 6.3 2.4 0.0 0.1
50_33_WTW WC 2,095 - 0.0 7.6 0.0 0.0 0.1
50_33_NTW wC 2453 06 0.0 71 0.0 Infeasible 5.6
50_33_WTW wC 2,169 50.6 0.0 9.2 0.7 Infeasible 4.2
50_33_NTW SC 2438 194 0.0 6 0.0 0.0 0.3
50_33_WTW SC 2104 5339 0.0 6.3 0.1 0.0 0.0
75_50_NTW NC 3,346 0.7 0.0 14.8 0.0 Infeasible 9.2
75_50_WTW NC 3,233 1523 0.0 16.9 3.8 2.6 4.8
75_50_NTW wC 3,277 14 0.0 15.7 0.0 0.0 12
75_50_WTW wC 2999 - 0.0 20.2 2.9 0.1 0.2
75_50_NTW wC 3169 3.2 0.0 18.4 2.2 2.9 133
75_50_WTW WC 2951 3535 17 25 51 1.7 10.2
75_50_NTW SC 3,266 1.1 0.0 129 03 0.0 0.1
75_50_WTW SC 2949 53059 12 14.6 5.2 0.0 0.0
100_66_NTW NC 3379 647 0.0 272 2.7 Infeasible 7.8
100_66_WTW  NC 3,184 550.1 1.8 30.8 77 5.7 9.9
100_66_NTW wC 3373 6.2 0.0 23.8 2.7 Infeasible 5.8
100_66_WTW  WC 3,223 43916 0.0 27.7 6.7 Infeasible 7.0
100_66_NTW WC 3,308 13 0.0 272 0.4 Infeasible 8.6
100_66_WTW  WC 3,153 593.6 1.0 34 5.6 Infeasible 8.8
100_66_NTW SC 3319 45 0.0 20.9 3.7 0.0 0.9
100_66_WTW  SC 3,215 - 0.0 259 8.0 16.5 20.1

NotE: - indicates that the corresponding branch-and-price algorithm could not solve the instance in 7500

seconds

5.4. Sensitivity analyses

In this section, we present some sensitivity analyses. We carry
out these tests to check the impact of some components of the
ALNS algorithm. We also aim at identifying the respective contri-
butions of the removal and insertion heuristics during the search.
We limit these tests to instances of class SOL and of class NEWLET

Evaluation of insertion positions in the adapted Shaw removal
heuristic

The adapted Shaw removal heuristic is based on values Ry(s)
that measure the similarity between customers i and j in a solution
s. Rj(s) is composed of four terms (see Eq. (2)). In Section 4.3, we
underlined the negative impact that the last term (evaluation of
insertion positions) might have on computing times.

To evaluate this impact, we apply the ALNS algorithm with the
following modifications:

o The portfolio of removal heuristics is limited to the adapted
Shaw removal heuristic;

o The portfolio of insertion heuristics is limited to the greedy in-
sertion heuristic;

o The similarity measure includes (o4 >0) or not (x4 =0) the
term evaluating insertion positions. When o4 > 0, it is defined
as detailed in Table 1.

Each instance is solved five times with the two methods.
Tables 7 and 8 report aggregated results for SOL and NEWLET in-
stances, respectively. Column Gap(%) provides the percentage gaps
with best known solution values. Column CPU(s) gives CPU times
in seconds. These two values are reported for the best run (best
gap out of five and best CPU time out of five) and on average.

From Tables 7 and 8, we can observe that considering inser-
tion positions (a4 > 0) in the similarity measure improves signifi-
cantly the quality of solutions for a very limited additional amount
of computing times. Incidentally, it illustrates the efficiency of the
evaluation methods described in Section 4.1.

5.4.1. Non-myopic insertion heuristic

The non-myopic insertion heuristic computes values Ii*(l'[) to
evaluate the insertion of a customer i in a list of routes IT. The
computation of Il.+(l'l) necessitates executing many times the eval-
uation method described in Section 4.1 (see Eq. (4)). To evaluate
the impact of this insertion heuristic, we run the ALNS algorithm
with or without the heuristic. Each instance is solved five times
with the two methods. Tables 9 and 10 provide aggregated results
for SOL and NEWLET instances, respectively. Column headings are
the same as in Tables 7 and 8.

Tables 9and 10 show the important impact of the non-myopic
insertion heuristic on solution quality. Without this heuristic, so-
lution costs can sometimes be increased by more than 5%. This
heuristic has however also an impact on computing times, which
are sometimes more than doubled.

5.4.2. Contribution of the different removal and insertion heuristics
In Tables 11 and 12, we report the contribution of each
insertion-removal combination in the ALNS. Each column corre-
sponds to a combination, with the name of the removal heuristic
on the first row and the name of the insertion heuristic on the sec-
ond. For each combination, four criteria are analyzed: the number
of accepted solutions that improved the best solution (row Best),
the number of accepted solutions that improved the current so-
lution (row Improving), the number of accepted solutions that did
not improve the current solution (row Non-improving) and the total
computing time used by each combination along the search (row
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Table 5
Results for NEWLET instances.

OPT ALNS best  ALNS avg. MC MT
|Vin| n Corr  Inst  BKS CPU(s) Gap(%) CPU(s)  Gap(%)  Gap(% Gap(%)
100 25 NC 1 1,828.7 6.3 0.0 7.4 0.0 6.8 3.6

2 2,109.6 14 0.0 75 0.4 0.0 119
3 22009 5.7 0.0 9.1 0.0 2.4 15.6

4 2,139.5 2.8 0.0 6.8 0.0 0.4 6.0

5 1,869.2 25 0.0 10.5 0.0 1.2 11.8

WC 1 1,742.8 2 0.0 5.5 0.0 0.0 34
2 1,510.2 715 0.0 8 0.0 17 5.9

3 2,056.3 3.1 0.0 6.1 0.7 2.6 0.4

4 1,749.7 0.8 0.0 51 0.0 0.0 2.7

5 2,173.0 104 0.0 6.6 0.3 3.2 33

SC 1 2,0754 211 0.0 4.5 0.0 0.0 0.4
2 2,108.0 13 0.0 4.7 1.0 0.0 0.2

3 1,770.8 9.7 0.0 6.2 13 0.0 2.1

4 2,029.1 0.6 0.0 4.8 0.0 0.0 0.0

5 2,108.2 0.6 0.0 5.5 0.0 0.0 0.7

50 NC 1 2,563.3 242 0.7 233 1.6 2.0 9.6
2 3,320.5 22965 0.0 31.2 0.6 4.9 2.5

3 2,7291 11,0456 0.1 283 11 42 33

4 2,616.4 399.9 0.0 292 0.5 42 75

5 29486 822 0.0 26.4 23 2.8 71

WC 1 2,626.8 104.8 0.0 22 0.8 0.0 5.7
2 2,890.1 245.5 0.0 19.8 0.5 32 32

3 2,516.7 79.1 0.2 19.3 0.5 32 1.9

4 2,3983 422 0.0 19.1 0.0 0.0 4.9

5 2,427.2 291.3 0.0 19.9 0.5 0.0 2.0

SC 1 3,177.5 1,120.1 1.0 16.6 17 0.3 0.0
2 3,116.5 424.2 0.4 15.6 14 0.0 0.1

3 3,174.3 214 0.1 15.7 19 41 0.1

4 2,977.5 449 0.0 16.8 0.4 0.0 0.5

5 3,352.2 54 0.0 15.5 0.8 0.0 0.4

200 50 NC 1 4,125.8 16593 03 56.8 1.6 8.3 6.6
2 4,000.5 1913 0.0 48.3 0.6 5.0 12.8

3 4,277.9 1,045.1 0.3 392 2.5 42 8.0

4 4,0684 67755 05 60.7 3.6 5.9 6.7

5 4,674.7 - 0.0 52.2 13 4.0 94

WC 1 43585 43787 08 40.8 3.0 3.6 6.6
2 3,8944 1817 0.0 32 13 3.6 6.3

3 4,050.5 651.6 0.6 38.1 3.1 42 5.4

4 3,6834 6954 0.0 442 2.7 41 6.9

5 4,327.3 453.4 0.0 423 2.6 9.7 9.0

SC 1 4,539.9 - 0.0 285 0.5 3.8 0.7
2 4,416.8 3,8928 0.2 26.4 44 0.0 1.0

3 4,2823  203.3 0.1 23.2 2.3 0.0 0.3

4 3,719.8 81.8 0.0 22.3 23 0.0 0.6

5 3,765.7 675 0.0 20 17 0.0 0.2

Note: - indicates that the corresponding branch-and-price algorithm could not solve the instance in 7500

seconds
Table 6
Results for AIX instances.
OPT ALNS best ~ ALNS avg. MC MT
n Instance  BKS CPU(s)  Gap(%) CPU(s)  Gap(%) Gap(%)  Gap(%)
Z1 25 1 44,931 17 0.0 8.4 0.0 3.6 8.4
2 44,574 0.8 0.0 77 0.0 8.6 6.7
50 1 79,925 134 0.2 31 0.6 2.4 5.5
2 84,722 18.8 0.1 304 1.0 1.6 46
75 1 110,718 1314 0.8 65.9 1.8 0.5 54
2 101,700 73.4 1.7 67.1 25 0.7 6.3
72 25 1 123,592 12 0.0 5.8 0.0 71 111
2 192,625 11 0.0 7.4 0.0 17 9.6
50 1 271,836 22.7 0.0 28.8 1.0 0.1 10.5
2 362,426 133 03 30 0.9 2.3 9.0
75 1 390,642 1741 14 57.9 2.2 11.7 43
2 374,845 102.6 14 54.2 2.8 0.9 4.6

NoTE: - indicates that the algorithm has not terminated within 7500 seconds
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Sensitivity analysis on the similarity measure for SOL instances.

Best run Average (5 runs)
oy =0 a,4#0 oy =0 o4#0
n Corr  Gap(%)  CPU(s) Gap(%)  CPU(s) Gap(%)  CPU(s) Gap(%)  CPU(s)
25 NC 0.6 10.6 0.5 10.6 13 111 0.9 111
WC 0.3 49 0.2 49 0.9 5.1 0.6 5.1
SC 0.2 2.9 0.1 29 0.8 3.0 0.5 3.0
50 NC 6.1 49.9 4.5 50.2 8.2 51.7 6.6 52.4
WwC 3.5 19.7 32 19.8 4.8 214 41 219
SC 17 9.3 12 9.3 2.6 9.6 2.2 9.7
Table 8
Sensitivity analysis on the similarity measure for NEWLET instances.
Best run Average (5 runs)
ay=0 as#0 ay =0 a4#0
n Corr  Gap(%)  CPU(s) Gap(%)  CPU(s) Gap(%)  CPU(s) Gap(%)  CPU(s)
25 NC 0.5 5.4 0.3 53 0.5 5.5 0.3 5.5
WC 0.0 4.0 0.0 4.0 1.0 43 0.8 43
SC 0.6 31 0.6 31 0.8 32 0.7 33
50 NC 4.7 16.9 41 16.8 52 17.7 4.2 174
WC 2.0 11.2 14 11.2 4.4 11.8 34 12.0
SC 6.3 9.2 4.6 9.5 71 9.9 6.3 10.1
Table 9

Sensitivity analysis on the non-myopic insertion heuristic for SOL instances.

Best run

Average (5 runs)

With non-myopic

Without non-myopic

With non-myopic Without non-myopic

n Corr  Gap(%)  CPU(s) Gap(%)  CPU(s) Gap(%)  CPU(s) Gap(%)  CPU(s)

25 NC 0.0 121 0.2 8.7 0.1 16.3 0.6 8.9
wC 0.0 74 0.1 4.6 0.0 8.4 0.3 4.7
SC 0.0 4.7 0.0 31 0.0 5.7 0.1 3.2

50 NC 0.9 66.6 2.7 349 2.2 84.6 3.8 35.8
WwWC 0.3 25.6 17 171 1.6 42.8 2.6 17.5
SC 0.0 129 0.5 8.9 0.6 25.5 1.2 9.4

Table 10

Sensitivity analysis on the non-myopic insertion heuristic for NEWLET instances .

Best run

Average (5 runs)

With non-myopic

Without non-myopic

With non-myopic Without non-myopic

n Corr  Gap(%)  CPU(s) Gap(%)  CPU(s) Gap(%)  CPU(s) Gap(%)  CPU(s)

25 NC 0.0 6.7 0.0 5.0 0.0 74 0.0 5.1
WC 0.0 4.6 0.0 39 0.2 49 0.2 39
SC 0.0 3.6 0.0 3.2 0.2 42 0.5 33

50 NC 0.1 22.6 5.0 15.1 1.0 24.2 5.0 15.4
WwWC 0.1 14.2 2.6 11.2 0.4 15.6 4.2 11.5
SC 03 111 3.8 9.7 1.2 13.2 53 10.0

Computing time). These criteria are expressed in percentage (each
row reaches 100%).

The main observation that can be made with these tables is
that almost all heuristics contribute to the improvement of solu-
tions. Except for the simple insertion heuristic, the two tables re-
port significant percentages for all the heuristics on all indicators.
Fortunately, the time consumed by the simple insertion heuristic is
very limited. Probably, the learning mechanism is able to identify
quickly that this heuristic is not effective and gives a small proba-
bility to its selection. Among the removal heuristics, the worst re-
moval method is specially effective. It consistently permits to find
around 50% and around 40% of the best and improving solutions,
respectively. This improvements are furthermore obtained with a
computational effort that only slightly exceeds the ones of the two
other removal heuristics. Regarding insertion heuristics (simple in-
sertion excluded), the ranking is not as clear. The regret heuristic

tends to be the most effective, except for NEWLET instances of size
50, where it is the worst. The non-myopic heuristic is globally bet-
ter than the random heuristic, but its computing times are higher
than those of the two other heuristics. Globally, the main conclu-
sion is still that the three heuristics are important.

6. Conclusion

Due to their numerous applications, and strong correlation to
the bottom line, vehicle routing problems are critical to industry
and have drawn the attention of many researchers. In many real-
life circumstances, different criteria have to be considered when
defining transportation plans: operational costs, traveling times or
energy consumption, for example. Therefore, it is imperative to
capture travel information at the road-network level. Modeling
travel information with customer-based graphs may indeed fur-



Table 11

Contribution of removal-insertion combinations for SOL instances.

Random Worst Shaw

n Indicator Greedy  Regret  Non-myopic  Simple Greedy  Regret  Non-myopic  Simple Greedy  Regret  Non-myopic  Simple

25  Best 51% 10.7% 8.1% 0.0% 10.3% 22.6% 15.5% 0.0% 4.8% 13.7% 9.2% 0.0%
Improving 7.2% 11.8% 10.4% 0.0% 10.1% 15.3% 13.0% 0.0% 7.8% 12.9% 11.5% 0.0%
Non-improving 10.6% 8.8% 9.5% 0.1% 14.0% 13.1% 13.4% 0.2% 11.2% 9.0% 9.9% 0.1%
Computing time 5.5% 6.4% 16.8% 2.1% 6.2% 71% 19.0% 2.3% 6.5% 7.3% 18.3% 2.5%

50  Best 6.1% 8.7% 8.0% 0.0% 11.9% 21.2% 16.1% 0.0% 7.3% 11.5% 9.2% 0.0%
Improving 8.0% 10.7% 9.6% 0.0% 11.4% 15.2% 13.3% 0.0% 8.9% 12.1% 10.8% 0.0%
Non-improving 10.4% 8.6% 8.8% 0.1% 15.2% 13.5% 13.4% 0.2% 11.1% 9.0% 9.6% 0.1%
Computing time 6.4% 7.0% 14.3% 2.9% 7.3% 8.2% 16.6% 3.3% 7.3% 8.0% 15.5% 3.1%

Table 12
Contribution of removal-insertion combinations for NEWLET instances.
Random Worst Shaw

n Indicator Greedy  Regret  Non-myopic  Simple Greedy  Regret  Non-myopic  Simple Greedy  Regret  Non-myopic  Simple

25  Best 4.8% 8.4% 4.7% 0.0% 13.3% 22.0% 18.3% 0.0% 9.0% 6.3% 6.5% 0.0%
Improving 8.4% 9.4% 10.0% 0.0% 11.6% 15.3% 15.0% 0.0% 9.7% 9.6% 11.0% 0.0%
Non-improving 10.1% 9.9% 8.8% 0.1% 14.6% 14.6% 13.9% 0.1% 9.1% 9.9% 8.8% 0.0%
Computing time 6.5% 71% 13.6% 3.2% 7.5% 8.3% 16.5% 3.8% 7.3% 7.8% 14.9% 3.5%

50  Best 7.2% 5.3% 9.6% 0.0% 13.5% 16.8% 24.1% 0.0% 6.7% 3.1% 13.7% 0.0%
Improving 8.1% 6.8% 11.6% 0.0% 13.1% 15.0% 18.1% 0.0% 8.5% 5.9% 12.9% 0.0%
Non-improving 9.0% 9.7% 8.7% 0.1% 14.2% 14.7% 14.7% 0.1% 9.4% 11.0% 8.3% 0.1%
Computing time 5.4% 5.5% 16.8% 2.5% 6.5% 6.9% 19.4% 2.9% 6.4% 6.7% 17.9% 3.0%
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nish infeasible routes or overestimate cost. Efficient heuristic solu-
tion approaches that solve vehicle routing problems with this de-
gree of information are however missing in the literature. Hence,
we propose an ALNS algorithm, with the objective of filling this
gap. We considered the VRPTWgy and introduced a multigraph,
that captures all efficient paths between pairs of points of interest
(depot, customers). The presence of parallel arcs introduces com-
putational challenges, especially when exploring the neighborhood
of a given solution: elementary operations like customer removal
or insertion induce the solution of an NP-hard problem. To han-
dle this difficulty, we proposed an incremental data structure and
developed a procedure based on dynamic programming. We con-
ducted an extensive experimental study on several set of instances
with different characteristics. Numerical results showed the abil-
ity of the heuristic to find near-optimal solutions in a reasonable
amount of time. In addition, results confirm the gains provided
by road-network travel information compared to traditional solu-
tion approaches based on customer-based graphs. An alternative to
the multigraph is to tackle directly vehicle routing problems with
road-network graphs. A future study could be to investigate heuris-
tic solution schemes on these graphs.
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